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Deep-living demersal fishes are an important resource throughout the tropical Indo-Pacific 
supporting commercial, recreational, and subsistence fisheries. Many of these species are long-
living, slow growing, and late to mature making them particularly susceptible to over-
exploitation. Effective management of these stocks are imperative to their long-term 
sustainability. This dissertation addresses the effectiveness of no-take fishery reserves in Hawaii 
as a strategy for managing these resources. I explore the ways in which we evaluate the 
appropriate spatial scale for reserves using acoustic telemetry and how these methods differ in 
deep-water environments. Applying this method to Pristipomoides filamentosus, a key species 
component of Hawaii’s bottomfish stock complex, I compare the range of their observed 
movements to a reserve off of Oahu’s eastern shore, finding the scale of movement to be less 
than a coarse estimate of the available habitat in this, and other reserve areas. Using a database of 
landings for the commercial fishery, I quantify changes in catch, effort, and fisher participation 
that have occurred since these areas were enacted and explore how these metrics changed 
disproportionately in areas where habitat has been protected compared to unrestricted areas of 
the fishery. Finally, I apply an integrative method for estimating growth, a key parameter for 
understanding stock dynamics, to P. filamentosus using existing datasets and mark-recapture 
data collected in the early 1990s. Parameters obtained using this method are then compared to 
previous estimates of growth for this species. 
  
 vi 
TABLE OF CONTENTS 
ACKNOWLEDGEMENTS ........................................................................................................... iii 
ABSTRACT ..................................................................................................................................... v 
LIST OF TABLES ........................................................................................................................ xi 
LIST OF CHARTS, GRAPHS, FIGURES, ILLUSTRATIONS, PLATES, AND MAPS ........ xii 
CHAPTER 1: INTRODUCTION .................................................................................................. 1 
Fishery reserves as an Instrument of Management Policy ................................................................. 2 
Hawaii’s Commercial Deep-Water Handline Fishery ......................................................................... 5 
Research Objectives and Dissertation Structure ............................................................................... 10 
CHAPTER 2: DEPTH- AND RANGE-DEPENDENT VARIATION IN THE 
PERFORMANCE OF AQUATIC TELEMETRY SYSTEMS: UNDERSTANDING AND 
PREDICTING THE SUCCEPTIBILITY OF ACOUSTIC TAG-RECEIVER PAIRS TO 
CLOSE PROXIMITY DETECTION INTERFERENCE .......................................................... 13 
Abstract .................................................................................................................................................. 14 
Introduction ........................................................................................................................................... 16 
Materials and Methods ......................................................................................................................... 24 
Summary ............................................................................................................................................................. 24 
Acoustic Telemetry System and Generalized Performance Analysis ................................................................ 26 
Experiment 1: Quantifying Detection Range in Deep Water: 7 June – 16 June 2014 ....................................... 28 
Experiment 2: Quantifying Detection Range in Shallow Water: 22 November – 2 December 2014 ................ 31 
Development of a Mechanistic Model for Predicting CPDI .............................................................................. 32 
Experiment 3: Depth Dependent Model Validation: 17 March – 25 March 2015 ............................................. 35 
Experiment 4: Depth and Distance Model Validation: 25 May – 30 May 2015 ................................................ 38 
 vii 
Experiment 5: Multipath Confirmation: 13 July 2016 ....................................................................................... 38 
Results .................................................................................................................................................... 41 
Summary ............................................................................................................................................................. 41 
Experiment 1: Quantifying Detection Range in Deep Water: 7 June – 16 June 2014 ....................................... 41 
Experiment 2: Quantifying Detection Range in Shallow Water: 22 November – 2 December 2014 ................ 44 
A Mechanistic Model for Predicting CPDI ........................................................................................................ 45 
Experiment 3: Depth Dependent Model Validation Experiment: 17 March – 25 March 2015 ......................... 45 
Experiment 4: Depth and Distance Model Validation Experiment: 25 May – 30 May 2015 ............................ 47 
Experiment 5: Multipath Confirmation: 13 July 2016 ....................................................................................... 48 
Discussion .............................................................................................................................................. 50 
Conclusion ............................................................................................................................................. 55 
CHAPTER 3: EVALUATING MOVEMENTS OF THE DEEP-WATER SNAPPER 
PRISTIPOMOIDES FILAMENTOSUS RELATIVE TO A FISHERY RESERVE USING A 
PASSIVE ARRAY AND CONSTRAINED LINEAR HOME RANGE ESTIMATOR ............. 57 
Abstract .................................................................................................................................................. 58 
Introduction ........................................................................................................................................... 59 
Materials and Methods ......................................................................................................................... 62 
Study Area .......................................................................................................................................................... 62 
Data Analysis ......................................................................................................................................... 68 
Categorizing Fish Status ..................................................................................................................................... 68 
Testing for Size-selective Survivorship Bias ...................................................................................................... 71 
Analysis Periods ................................................................................................................................................. 71 
Calculating Individual Home Range .................................................................................................................. 71 
Comparing Home Range Distance to BRFA Size .............................................................................................. 72 
Quantifying Movement Frequency and Site Fidelity ......................................................................................... 73 
 viii 
Results .................................................................................................................................................... 73 
Fish Capture and Tagging ................................................................................................................................... 73 
Categorizing Fish Status ..................................................................................................................................... 74 
Testing for Size-selective Survivorship Bias ...................................................................................................... 75 
Analysis Periods ................................................................................................................................................. 75 
Calculating Individual Home Range .................................................................................................................. 77 
Comparing Home Range Distance to BRFA Size .............................................................................................. 78 
Quantifying Movement Frequency and Site Fidelity ......................................................................................... 78 
Discussion .............................................................................................................................................. 81 
Conclusion ............................................................................................................................................. 86 
CHAPTER 4: MULTIPLE INTERVENTION BEFORE AFTER CONTROL IMPACT 
PAIRS: A FRAMEWORK FOR QUANTIFYING THE REDISTRIBUTION OF CATCH 
AND EFFORT COINCIDING WITH FISHERY RESERVES IN HAWAII’S DEEP 7 
BOTTOMFISH FISHERY INFERED FROM CATCH DATA ................................................ 88 
Abstract .................................................................................................................................................. 89 
Introduction ........................................................................................................................................... 90 
Methods .................................................................................................................................................. 94 
Commercial Fishing Data ................................................................................................................................... 94 
Identifying Overall Changes in the Deep 7 Fishery ........................................................................................... 94 
Identifying Trends Between Protected and Unprotected Areas ......................................................................... 97 
Assessing Individual Reserves ......................................................................................................................... 100 
Results .................................................................................................................................................. 101 
Effort ................................................................................................................................................................. 101 
Fisher Participation ........................................................................................................................................... 102 
Allocation of Individual Effort ......................................................................................................................... 103 
 ix 
Harvested Biomass ........................................................................................................................................... 104 
Average Landings per Trip ............................................................................................................................... 105 
Assessing Individual Reserves ......................................................................................................................... 108 
Discussion ............................................................................................................................................ 111 
Conclusion ........................................................................................................................................... 117 
CHAPTER 5: COMPARING AGE AND GROWTH ESTIMATES FROM BAYESIAN AND 
INTEGRATIVE DATA APPROACHES FOR THE DEEP-WATER SNAPPER 
PRISTIPOMOIDES FILAMENTOSUS IN THE HAWAIIAN ISLANDS ............................ 118 
Abstract ................................................................................................................................................ 119 
Introduction ......................................................................................................................................... 120 
Methods ................................................................................................................................................ 123 
Opakapaka Tagging Program ........................................................................................................................... 123 
Tagging Data Management ............................................................................................................................... 125 
Parameter Estimation from Tagging Data: Bayesian Approach ....................................................................... 125 
Parameter Estimation from Tagging Data: Maximum Likelihood Approach .................................................. 129 
Results .................................................................................................................................................. 137 
Opakapaka Tagging Program ........................................................................................................................... 137 
Parameter Estimation from Tagging Data: Bayesian Approach ....................................................................... 138 
Parameter Estimation from Tagging Data: Maximum Likelihood Approach .................................................. 139 
Discussion ............................................................................................................................................ 143 
Chapter 6: Summary and Future Directions ............................................................................ 148 
Synthesis .............................................................................................................................................. 149 
Future Directions ................................................................................................................................ 153 
 x 
SUPPLEMENTAL MATERIALS AND APPENDICIES ........................................................ 160 
Appendix 3.1. Results Inclusive of Uncertain Tag Results ............................................................. 160 
Results ............................................................................................................................................................... 161 
Appendix 4.1. Full Model Summaries and Diagnostic Plots for Fishery Wide Linear Models ... 167 
Hypothesis 1: Effort Distribution ..................................................................................................................... 167 
Hypothesis 2: Fisher Participation .................................................................................................................... 168 
Hypothesis 3: Allocation of Individual Effort .................................................................................................. 170 
Hypothesis 4: Harvested Biomass .................................................................................................................... 172 
Hypothesis 5: Average Landings Per Trip ........................................................................................................ 173 
Appendix 4.2. Full Model Summaries and Diagnostic Plots for Delta Models ............................. 175 
Hypothesis 1: Effort Distribution ..................................................................................................................... 175 
Hypothesis 2: Fisher Participation .................................................................................................................... 177 
Hypothesis 3: Allocation of Individual Effort .................................................................................................. 179 
Hypothesis 4: Harvested Biomass .................................................................................................................... 182 
Hypothesis 5: Average Landings per Trip ........................................................................................................ 184 
Appendix 5.1. JAGS code for Bayesian hierarchical growth model. ............................................. 186 
REFERENCES .......................................................................................................................... 192 




LIST OF TABLES 
Chapter 2 
 Table 2.1. Deepwater Ranging Experiment Results……………………………………..43 
 
Table 2.2. Shallow Water Ranging Experiment Results…………………………….…...44 
 




 Table 3.1. Status of Tagged Fish.………………………………………………………..75 
 




 Table 4.1. BRFA Area and Habitat.………………………………………………….…..92 
 




 Table 5.1. Estimates of von Bertalanffy parameters.………………………………...…122 
 Table 5.2. Summary of OTP Tagging and Recapture Data for Fish with Valid 
Locations………………………………………………………………………………..124 
 
 Table 5.3. Bayesian Hierarchical Growth Model Specifications.………………………131 
  
 Table 5.4. Integrative Model Structures.……………………………………………….136 
 
 Table 5.5. Sample and Population Parameter Estimates From Maximum Likelihood 




LIST OF CHARTS, GRAPHS, FIGURES, ILLUSTRATIONS, 
PLATES, AND MAPS 
Chapter 2 
 
Figure 2.1. Recorded Acoustic Waveform of V13 Tag Transmission Indicating the 
Function of Various Inter-Ping Interval Regions.……………………………………….19 
 
Figure 2.2. Simulated Arrival Times for a Transmission Between a Tag and Receiver as a 
Function of Depth and Distance.………………………………………………………...22 
 
Figure 2.3. Schematic Showing the CPDI Outcome of Direct and Surface Reflected 
Multipath Arrivals as a Function of Depth……………………………………………....23 
 
Figure 2.4. Map of Oahu, Hawai`i Depicting the Location of Experiments 1-4…...……25 
 
Figure 2.5. Vemco Collision Calculator Results………………………………………...27 
 
Figure 2.6. Design of Experiments 1-4…………………………………………………..29 
 
Figure 2.7. Sketch of the Mechanistic CPDI Model Applied to a Hypothetical 
Environment……………………………………………………………………………...33 
 
Figure 2.8. Detection Probability Profiles from Deep and Shallow Water Ranging 
Experiments.……………………………………………………………………….…….42 
 
Figure 2.9. Comparing the Mean Daily Components of the Adjusted CDE Between 




Figure 3.1. Chart Showing the Station Array Deployed During Analysis Periods 1 and 
2.…………………………………………………………………………………………64 
 
Figure 3.2. Mortality Decision Tree…………………………………………………......69 
 
Figure 3.3. Fork Lengths for Tagged Fish…………………………………………........77 
 
Figure 3.4. Maps of the 8 BRFAs Used to Calculate Their Linear Habitat 
Dimension……………………………………………………………………………......79 
 








Figure 4.1. Map Indicating the Boundaries of Hawaii’s Statistical Reporting Areas and 
Bottomfish Restricted Fishing Areas (BRFAs)………………………………………….95 
 
Figure 4.2. Comparing Fishery Wide Trends for Each Hypothesis Across the Three 
Management Periods……………………………………………………………………107 
 
Figure 4.3. Contrast Plots Created from Predictions of MIBACIP Models……………108 
 
Figure 4.4. Relative Displacement of Individual BRFAs Under Each Management 
Period…………………………………………………………………………………...110 
 




 Figure 5.1. Reporting Grid Map………………………………………………………..126 
 
 Figure 5.2. Length and Time at Liberty for OTP Data………………………..………..138 
 
Figure 5.3. Coefficient of Variation for von Bertalanffy Growth Function Parameters..140 
 
 Figure 5.4. Plots Comparing Predicted and Observed Length at Recapture…………...142
 1 










































Fishery reserves as an Instrument of Management Policy 
Over the last 60 years, the global fishing fleet has expanded to keep pace with the growing 
demand for seafood. The harvest of deep-water demersal fish along ocean seafloor slopes are one 
of several major habitats for fishery exploitation that has fulfilled that demand (Haedrich, 
Merrett, and Dea, 2001; Morato et al., 2006). Though accounting for less than 9% of the 
seafloor, the slopes where these fish are found are some of the most dynamic ocean habitats 
(Gordon, Merrett, and Haedrich, 1995). The rugged complexity of these environments support 
highly diverse communities of fish (Haedrich, Merrett, and Dea, 2001). While species associated 
with these habitats may have a broad horizontal distribution, fauna is often stratified vertically 
and regional assemblages can vary dramatically with changes in depth of a few hundred meters 
(Haedrich, Merrett, and Dea, 2001). 
 Many deep-water species are particularly vulnerable to over-exploitation. Deep-living 
fishes are often characterized by slow growth, delayed maturity, and greater longevity than their 
shallow-water counterparts (Haight, Kobayashi, and Kawamoto, 1993; Fry, Brewer, and 
Venables, 2006; Morato et al., 2006; Brodziak et al., 2011; Drazen and Haedrich, 2012; Stephen 
J. Newman et al., 2016a). Deep-water populations are also often less resilient to exploitation. 
Stocks with these attributes are often slow to reach compensation with changes in fishing 
pressure and may require years or decades to recover from over-harvesting (Clark, 2001; 
Haedrich, Merrett, and Dea, 2001; Norse et al., 2012).  
 The management of deep-water resources has been criticized for a tendency to lag behind 
commercial exploitation (Haedrich, Merrett, and Dea, 2001). Methods to directly observe these 
stocks and verify management outcomes are often costly, labor intensive, and require the use of 
specialized and expensive equipment (Murphy and Jenkins, 2010). Therefore management 
decisions and their outcomes often rely on proxies derived from fishery dependent data (ex: 
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abundance estimated from catch-per-unit-effort (CPUE), size structure determined from landing 
data, etc.) which may introduce additional uncertainties about the status of the overall population 
(Haedrich, Merrett, and Dea, 2001; Murphy and Jenkins, 2010; Merritt et al., 2011; Langseth et 
al., 2018).  
 Fishery reserves are areas where fishing activities are prohibited. These areas are 
increasingly being used to manage deep-water fishes and can serve as buffer against 
management uncertainty (Lauck et al., 1998; Mangel, 2000; A. Williams et al., 2009; Gaines et 
al., 2010; Alan M. Friedlander et al., 2014; Huvenne et al., 2016; Uehara et al., 2019). Fishery 
reserves are a subcategory of marine protected area that restrict fishing activities with the explicit 
goal of reducing fishing pressure on resident fish allowing individuals to live longer and grow 
larger resulting in increased fecundity (Bohnsack, 1998; Gell and Roberts, 2003; M. A. Hixon, 
Johnson, and Sogard, 2014). Reserves areas benefit the fishery through increased larval output 
and the spillover of larger fish to adjacent areas of the fishery (Hilborn et al., 2004; Vandeperre 
et al., 2011), insulation from fishery-induced evolutionary effects (Hard et al. 2008), and by 
maintaining the ecosystem roles of targeted species (Leenhardt et al. 2015).  
 The size of a fishery reserve is critical to achieving desired management outcomes. 
Successful reserves balance biological, political, and socioeconomic factors (Lundquist and 
Granek, 2005). Reserves of insufficient size may fail to adequately protect vulnerable 
populations for the fishery to benefit, while protection at scales too large may negatively impact 
those fishing communities reliant on the resources, either financially or for sustenance (Kramer 
and Chapman, 1999; Botsford, Micheli, and Hastings, 2003; Sale et al., 2005, Stewart and 
Possingham, 2005, Charles and Wilson, 2009). Regular assessment of reserve areas on the fish 
 4 
and fishing community is therefore key to their success as a management strategy (Pomeroy et 
al., 2005). 
 Tagging studies are a popular method for determining the spatial requirements of fishery 
reserves by resolving the scale over which fish move (M. Heupel, Simpfendorfer, and Lowe, 
2005; Murphy and Jenkins, 2010; Crossin et al., 2017). These studies come in two varieties, 
conventional mark-recapture and telemetry-based studies. Conventional mark-recapture studies 
require individual fish to be captured at least twice, once where they are marked with a unique 
identifier and then one or more subsequent times. This provides a coarse estimate of movement 
potential as well as information on growth and population size (Stickel, 1954; Fabens, 1965; Otis 
et al., 1978). By contrast, telemetry-based systems can provide detailed long-term movement 
records without requiring individuals to be recaptured but cannot resolve growth or population 
size. Passive acoustic telemetry systems consist of a transmitting tag attached to or implanted 
within an animal and one or more stationary receiver units. Each tag emits a unique acoustic 
signal into the environment at semi-regular intervals. When a tagged individual is within the 
detection range of a receiver, the receiver decodes the acoustic signal and logs the tag’s unique 
identifier and the time of detection. By constructing an array from multiple receiver stations, 
detailed movement histories of multiple tagged individuals can be resolved including movements 
into or out of fishery reserves (Heupel et al., 2006; Heupel and Webber, 2012).  
 While acoustic tagging has an established history for evaluating fishery reserves, 
application of this technology to the depths required for tracking deep-water fish is relatively 
new and presents novel challenges (Edwards et al., 2019). Methods for designing passive 
tracking arrays and understanding their performance under these conditions remain 
underdeveloped (Arnold and Dewar 2001; Heupel et al. 2006a; Grothues 2009; Farmer et al. 
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2013; Pedersen et al. 2014). Evaluation of this technology as part of this dissertation has revealed 
unique performance characteristics when deploying these systems to the deeper depths required 
for tracking bottomfish and other species that dwell in the deep. 
 The effect of fishery reserves on those that are economically dependent on the fishery is 
also an important consideration. If the goal of a fishery reserve is to reduce or eliminate fishing 
mortality, then by definition these areas affect both the stock and the fishing community 
(Hannesson, 1998; Hilborn et al., 2004). Understanding fisher behavior has been shown to 
dramatically improve the success of these areas (Wilen et al., 2002). It is therefore important that 
both fish and fishers are considered when planning and evaluating these areas. 
Hawaii’s Commercial Deep-Water Handline Fishery 
 The fishery that has developed around deep-water demersal resources in Hawaii is the 
region’s second largest commercial fishery by value. During the 2017 federal fishing year, 
Hawaii’s commercial fleet landed over 114 tons of bottomfish with an ex-vessel value in excess 
of $1.65 million (Division of Aquatic Resources, 2019). In addition to being economically 
important, the fishery also preserves a cultural heritage that predates European contact (Spalding, 
2006).  
 In Hawaii and the U.S. Pacific Territories, management of bottomfish resources is 
conducted by a partnership of federal and state agencies (Anonymous 2009). The Hawaiian 
fishery is managed with reference to the “Deep 7”, the seven species primarily concentrated on 
by the fishing industry and representing the highest economic value. The Deep 7 consists of six 
species of snapper, Etelis coruscans (local name: onaga), Etelis carbunculus (local name: ehu), 
Pristipomoides filamentosus (local name: opakapaka), Pristipomoides sieboldii (local name: 
kalekale), Aphareus rutilans (local name: lehi) Pristipomoides zonatus (local name: gindai), and 
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one endemic grouper, Epinephelus querns (local name: hapuupuu) (Hawaii Administrative Rules 
§13-74-20 - Commercial marine license, 1998).  
 The use of fishery reserves in this fishery dates back over two and a half decades. 
Starting with the establishment of the Kahoolawe Island Reserve in 1993, bottomfishing was 
prohibited up to two miles from the island’s shores (Hawaii Administrative Rules §13-261 - 
Kaho`olawe Island Reserve, 2002). In 1998 managers introduced a network of 19 reserve areas, 
known as the bottomfish restricted fishing areas (BRFAs), along with annual catch limits to curb 
the overfishing of bottomfish stock components which had been occurring since at least the late 
1980s (Ikehara, 2006). The Northwestern Hawaiian Islands were closed to bottomfishing in 2006 
when the Papahānaumokuākea Marine National Monument was established by Presidential 
Proclamation 8031. Around this time it was determined that the Main Hawaiian Island 
bottomfish stock remained overfished so in 2007 the BRFAs were restructured to incorporate 
improved knowledge of preferred bottomfish habitat with a goal of further reducing fishing 
mortality rates (Moffitt, Kobayashi, and Dinardo, 2006; Western Pacific Regional Fishery 
Management Council, 2007). In the years that followed, the outlook for Main Hawaiian Island 
bottomfish improved; since 2010, stock assessments have indicated that the Deep 7 are neither 
overfished nor is overfishing occurring (Brodziak et al., 2011; Brodziak, Yau, O’Malley, 
Andrews, Humphreys, DeMartini, et al., 2014a; Langseth et al., 2018). However, little work was 
done to assess the contribution of the BRFAs to this recovery or address the role of these areas 
moving forward. This September (2019), four of the BRFAs were reopened to fishing leaving 
eight areas remaining (Harding, 2019). 
 Researchers have been tasked by state and federal agencies to assess the effects of the 
BRFA management system. To date, these efforts have largely taken two approaches, direct 
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observations and tagging studies. The first has investigated changes in the size and abundance of 
individuals within the BRFAs since area closures were enacted. The BOTCAM project obtained 
size measurements using underwater baited stereo video cameras to provide a snapshot of fish 
present at a given location at the time of sampling. This study found positive changes in the 
relative size and abundance of bottomfish species within some BRFAs and that these effects 
declined as distance from reserve boundaries increased (Sackett, Kelley, and Drazen, 2017). 
These observations are consistent with the BRFAs having a positive effect on bottomfish 
populations inside the areas. 
 The second approach has been to quantify the BRFA’s ability to retain and thus protect 
individual fish. The earliest efforts to track bottomfish are represented by The Opakapaka 
Tagging Project (OTP). Using conventional mark-recapture methods, 4,179 P. filamentosus were 
surgically implanted with streamer tags and released over a 5-year period (1989 – 1995). Over 
the following 15 years, 439 of the tagged fish were recaptured by OTP researchers, and 
recreational and commercial fishers, providing the first insight on the scale of movement for the 
species. Approximately 4.9% of tagged individuals were detected moving between island groups, 
requiring movement across ocean channels significantly deeper than the depths described by the 
species’ essential fish habitat (EFH), however the majority of fish tagged during this project 
were recaptured within 1 nautical mile of its tagging location (Oishi, 1994, 1995; Kobayashi, 
Okamoto, and Oishi, 2008). 
 Observations from an ongoing mark-recapture tagging study conducted by PIFSC and the 
Pacific Islands Fishery Group (PIFG) closely resemble those of the OTP study. A preliminary 
report stated that PIFG fishers had tagged and released 4,571 P. filamentosus between 2008 and 
the 2013. Of those individuals recaptured, 81 fish had records sutable for conducting movement 
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analysis. Ninety percent of these individuals were recaptured within 10 km of their tagging 
location. Two individuals were recaptured after having moved inter-island across deep water 
channels. The greatest movement detected was 61 km over a period of 44 days. While large 
distance movements are notable, their frequency appears to be rare (O’Malley, 2015). 
 A handful of acoustic tagging studies have provided insights to the movement behavior 
of Deep 7 species in Hawaii. Two juvenile P. filamentosus tracked in Kaneohe Bay were 
observed making short-range crepuscular migrations, returning to sites on a daily basis even 
when displaced after tagging. The purpose of these movements was unknown as they occurred 
within an environment described as uniform and featureless (Moffitt and Parrish, 1996a). Similar 
methods were used to assess the movement potential of adult P. filamentosus in reference to the 
Kahoolawe Island Reserve. Movements between protected and non-protected waters and diurnal 
movement patterns were reported for 32 P. filamentosus over 3 years. However the ability to 
track these fish was limited by the size of the receiver array (3-7 acoustic receivers depending on 
the year) and by the very short track lengths of tagged fish (0.21 – 5.8 days on average 
depending on the year) (Ziemann and Kelley, 2004, 2007, 2008). In a separate study, acoustic 
tracking of E. carbunculus (n = 6) and E. coruscans (n = 12) found that most individuals spent 
the majority of their time within the protective boundaries of the BRFA south of the island of 
Niihau (Weng, 2013).  
 Fundamental questions regarding the use of BRFAs by bottomfish and bottomfishers 
remain unanswered. The fine scale movement patterns of commercially exploited species relative 
to closed area boundaries, and thus the degree of protection provided by these areas to local 
bottomfish populations, are poorly understood. Of critical importance is to understand if these 
fish stay within the BRFAs. The effect of the BRFAs on the fishery’s catch and effort also 
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remains largely unquantified. Members of the bottomfish fishing community generally view 
these areas as ineffective with illegal fishing occurring within the BRFAs (Hospital and Beavers, 
2011). Members of this community have stated anecdotally that area closures have forced 
experienced fishers out of the fishery and required those that remain to fish farther from port and 
in unfamiliar areas leading to reduced catch while increasing operational costs (Minutes of the 
158th meeting of the Western Pacific Regional Fishery Management council, 2013). The primary 
data used by NOAA to assess the status of the Deep 7 stock are the records of commercial 
landings reported by fishers as required by the State of Hawaii (Brodziak, Yau, O’Malley, 
Andrews, Humphreys, DeMartini, et al., 2014a). However, fisher reported catch data may also 
provide insight on the long-term effects of spatial management both on stock structure and the 
distribution of fisher catch and effort.  
 Commercial fisheries targeting deep-water demersal resources have expanded in recent 
years throughout the Indo-Pacific. Many of these regional fisheries lack the resources and 
infrastructure to collect important biological information and conduct formal stock assessments  
(A. J. Williams et al., 2012). A “Robin Hood” approach has been suggested where information 
from data-rich regions is used to guide the development of research priorities and management 
strategies for data-limited fisheries (A. J. Williams et al., 2012; Stephen J. Newman et al., 
2016b). Extensive work has been done to understand Hawaii’s bottomfish resources and many of 
Hawaii’s species are represented in the stock complexes that make up many the resources of 
these smaller regional fisheries (J J Polovina et al., 1987; Moffitt, 1993; Gaither et al., 2011; 
Gillett, 2011). Therefore, an improved understanding of the biology, ecology, and management 
of bottomfish in Hawaii can benefit deep-water demersal fisheries elsewhere in the Indo-Pacific 
region. 
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Research Objectives and Dissertation Structure 
The overall objective of my dissertation research is to increase our understanding of deep-water 
fishery reserves as an instrument for managing bottomfish resources. Examining the frequency 
and scale of movements of P. filamentosus relative to the BRFAs will provide decision makers 
with a clearer understanding of how Hawaiian bottomfish interact with these areas. In the 
process, the performance of acoustic telemetry systems will be evaluated to show how tag 
detection differs when these systems are applied in deep-water settings. I will also use fisher 
reported trip records to quantify changes within the Deep 7 fishery and look for evidence that the 
BRFAs contributed to these changes through fisher participation and by redistributing patterns of 
catch and effort.  
 A secondary objective of my research is to improve parameter estimates available for 
managers to assess and predict stock trends. While the current stock assessment of this fishery 
relies on a surplus production model for all Deep 7 bottomfish, there is interest in the use of 
species-specific, age-structured assessments (Langseth et al., 2018). Holistic growth parameters 
obtained using integrative methods that more accurately describe observations from mark-
recapture work and incorporate them with traditional age and growth studies will improve these 
data for future stock assessments. 
 This dissertation comprises six chapters in total, with 4 chapters addressing specific 
questions to better understand the spatial ecology, biology, and management of bottomfish. 
Chapter 1 (this chapter) serves as an introduction and guide to the material that follows. 
Chapter 2 addresses the question, “Does acoustic telemetry work in deep water?” The chapter 
focuses on the performance of passive acoustic telemetry systems in deep-water environments. 
Prior work suggests that the performance of these systems differs in some environments. In order 
to properly interpret results from deep-water acoustic tracking experiments, performance under 
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these conditions must first be quantified. As fishery researchers extend their studies to greater 
depths, this question will be of increasing interest to this community.  
 In this chapter, deep-water performance of acoustic telemetry is evaluated with controlled 
ranging experiments. These experiments are conducted at depths representative of the array 
design described in Chapter 3 and analysis of detection characteristics are compared between 
different depth conditions. During deep-water ranging experiments, acoustic receivers reliably 
fail to detect transmissions from tags co-located or positioned at close range. A geometric 
spreading model is presented to interpret these results and predict the outcome of a series of 
validation experiments.  
 Chapter 3 addresses the questions, “Are fishery reserves an appropriate fisheries 
management tool for P. filamentosus?” and “Are the current BRFAs spatially appropriate in 
scale for P. filamentosus?” I address these questions by analyzing the movements of tagged P. 
filamentosus in and around the BRFA located within the Makapuu region of Oahu, Hawaii. The 
detection patterns of individual fish observed across the receiver network provide data on the 
scale of their movement and are used to calculate their home range and the frequency at which 
they transit between protected and unprotected regions. Metrics for the spatial requirements of 
the population are compared to the size of the present reserve network. These results provide 
valuable information regarding the efficacy of spatial protections provided by the BRFA. 
 Chapter 4 investigates “How have the BRFAs changed fishing patterns and fisher 
participation?” and looks at how landings of Deep 7 species and patterns of fisher behavior have 
changed with the introduction and subsequent restructuring of the BRFA network. Using records 
of commercial landings collected for use in stock assessment, changes in fishing effort, fisher 
participation, average catch per trip, and total harvest were evaluated for differences 
 12 
corresponding to changes in management strategy. These metrics are also compared between 
reporting areas that contain protected habitat and those that did not to understand if and how the 
fishery responded to the introduction of the BRFAs.  
 Chapter 5 addresses the questions, “Can we improve growth estimates, a key input to 
stock assessment?” as well as “Which previous growth parameter estimates are most credible?” 
This chapter synthesizes prior efforts to quantify growth for P. filamentosus across the Hawaiian 
archipelago and develops an improved set of growth parameters using available data. Von 
Bertalanffy growth curves are fit to data collected from a mark-recapture experiment conducted 
by a research team from Hawaii’s Division of Aquatic Resources. This data is combined with 
direct-aging and length-frequency datasets previously used to estimate regional growth for the 
species. The integrative growth parameters obtained using this method result in smaller variation 
between expected and observed growth than previously reported parameters.  
 Finally, Chapter 6 summarizes and synthesizes the content and implications of the 
chapters which proceed it. In it, I discuss the successes, failures, and limitations of this collection 
of work as well as discuss potential directions for future research to further explore and quantify 
the ideas and themes that have been presented.  
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CHAPTER 2: DEPTH- AND RANGE-DEPENDENT VARIATION 
IN THE PERFORMANCE OF AQUATIC TELEMETRY 
SYSTEMS: UNDERSTANDING AND PREDICTING THE 
SUCCEPTIBILITY OF ACOUSTIC TAG-RECEIVER PAIRS TO 
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Abstract 
Background: Passive acoustic telemetry using coded transmitter tags and stationary receivers is 
a popular method for tracking movements of aquatic animals. Understanding the performance of 
these systems is important in array design and in analysis. Close proximity detection interference 
(CPDI) is a condition where receivers fail to reliably detect tag transmissions. CPDI generally 
occurs when the tag and receiver are near one another in acoustically reverberant settings. Here 
we confirm transmission multipaths reflected off the environment arriving at a receiver with 
sufficient delay relative to the direct signal cause CPDI. We propose a ray-propagation based 
model to estimate the arrival of energy via multipaths to predict CPDI occurrence, and we show 
how deeper deployments are particularly susceptible.  
Methods: A series of experiments were designed to develop and validate our model. Deep (300 
m) and shallow (25 m) ranging experiments were conducted using Vemco V13 acoustic tags and 
VR2-W receivers. Probabilistic modeling of hourly detections was used to estimate the average 
distance a tag could be detected. A mechanistic model for predicting the arrival time of 
multipaths was developed using parameters from these experiments to calculate the direct and 
multipath path lengths. This model was retroactively applied to the previous ranging experiments 
to validate CPDI observations. Two additional experiments were designed to validate predictions 
of CPDI with respect to combinations of deployment depth and distance. Playback of recorded 
tags in a tank environment was used to confirm multipaths arriving after the receiver’s blanking 
interval cause CPDI effects.  
Results: Analysis of empirical data estimated the average maximum detection radius (AMDR), 
the farthest distance at which 95% of tag transmissions went undetected by receivers, was 
between 840 and 846 m for the deep ranging experiment across all factor permutations. From 
these results, CPDI was estimated within a 276.5 m radius of the receiver. These empirical 
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estimations were consistent with mechanistic model predictions. CPDI affected detection at 
distances closer than 259–326 m from receivers. AMDR determined from the shallow ranging 
experiment was between 278 and 290 m with CPDI neither predicted nor observed. Results of 
validation experiments were consistent with mechanistic model predictions. Finally, we were 
able to predict detection/nondetection with 95.7% accuracy using the mechanistic model’s 
criterion when simulating transmissions with and without multipaths.  
Discussion: Close proximity detection interference results from combinations of depth and 
distance that produce reflected signals arriving after a receiver’s blanking interval has ended. 
Deployment scenarios resulting in CPDI can be predicted with the proposed mechanistic model. 
For deeper deployments, sea-surface reflections can produce CPDI conditions, resulting in 
transmission rejection, regardless of the reflective properties of the seafloor.  
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 Introduction 
The past three decades have seen an increase in the popularity of passive tracking of aquatic 
animals using acoustic telemetry systems (Heupel &Webber, 2012). Due in part to the relatively 
low cost to acquire large amounts of data, adaptability to a range of taxa, and ease of use by a 
global community of researchers, these systems are useful for answering a host of ecological 
questions including those concerning spatial use and management, home range size, migratory 
behaviors, and mortality rates (Heupel &Webber, 2012; Kessel et al., 2015). Established in 1979, 
Vemco Ltd. is the market-leading manufacturer of aquatic passive acoustic tracking systems 
(VEMCO, 2015). Their systems consist of two primary components; a transmitter tag attached to 
the study organism and a stationary receiver unit which detects coded acoustic transmissions 
from the tag, indicating the presence of a tagged individual in the detection region of the 
receiver.  
 Interpretation of the results of a telemetry study requires knowledge of the receiver’s 
detection region to understand the probability of a transmission’s detection across a range of 
potential depths and distances which a tagged individual may occupy. The passive sonar 
equation provides a framework for understanding factors affecting detection of transmissions. 
SL	-	TL	-	NL	>	DT	
 A transmission is likely to be detected when the signal-to-noise ratio of the arriving 
ping exceeds the receiver’s detection threshold (DT). The received level (RL) depends on the 
source level (SL) and transmission loss (TL), including geometric spreading and attenuation via 
scattering and absorption. A signal can be detected when the RL exceeds the background noise 
level (NL) by a level greater than the DT in the frequency range of interest (Urick, 1967). The 
NL of an environment fluctuates over time, with abiotic, biotic, and anthropogenic sources 
contributing to environmental background noise. Abiotic sources affecting passive acoustic 
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telemetry systems include ocean tides and waves, stratification, weather events, and the 
absorptive and reflective acoustical properties of the environment. Sources of biotic noise 
include snapping shrimp, mantis shrimp, urchins, some reef fish, and cetaceans (Cagua, Berumen 
& Tyler, 2013; Gjelland & Hedger, 2013; Kessel et al., 2013; Mathies et al., 2014). For a given 
signal level, detection probability is generally improved in cases with lower TL and lower NLs. 
 Propagation conditions, TLs, and NLs differ across sites; therefore, determining the 
detection characteristics of receivers for every study is critical. A 2013 meta-analysis of321 
acoustic tracking studies called for more comprehensive detection range testing and reporting in 
acoustic tagging studies, finding that only 48.6% of studies reviewed included results from 
equipment ranging experiments (Kessel et al., 2013). Some of the ways a receiver’s effective 
detection range has been determined include citing previously published studies (Kessel et al., 
2013), modeling the effects of environmental parameters based on the study site using tools 
provided by the manufacturer (Parrish et al., 2015), and empirical range testing involving 
measurement of tag detections at receivers in conditions similar to the proposed study site 
(Simpfendorfer, Heupel & Collins, 2008).  
 A common finding of range testing experiments is that the probability of detecting a 
transmission decreases with increasing range between a tag and receiver, with the highest 
probability of detection occurring when tags are at distances closest to the receiver 
(Simpfendorfer, Heupel & Collins, 2008). However, under some circumstances, detection 
probabilities for tags in close proximity to the receiver unit can be low, with the peak probability 
of detection occurring at some intermediate distance from the receiver unit. Kessel et al. (2015) 
termed this phenomenon “close proximity detection interference,” CPDI. The study identified 
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acoustically reflective environments with strong echoes as particularly susceptible to these 
effects.  
 Observations of CPDI have been noted in other acoustic ranging experiments 
(Beveridge et al., 2012). A cruise report from the Ocean Tracking Network in the Sea of 
Gibraltar from 2005 describes the effects of CPDI in ranging experiments conducted in the 
Mediterranean Sea. Six moorings with VR2-Wand VR4 receivers were deployed at depths 
between 270 and 280 m. Affixed to additional mooring lines placed at various distance from the 
receiver were Vemco V9, V13, and V16 acoustic tags with output power ranging between 158 
and 165 dB. While the depths of tags and receivers are unclear, figures indicate a radial increase 
in the size of the region impacted by CPDI corresponding to tags with higher power outputs 
(Beveridge et al., 2012). The positive relationship between the signal strength of tag output and 
the size of the area affected by CPDI is consistent with expectations from the passive sonar 
equation. 
To understand when and how CPDI occurs, it is helpful to understand the way Vemco 
tags encode and transmit data and how receivers decode and interpret those transmissions. Each 
transmission consists of a train of 7-10 rapid high frequency acoustic pings with data encoded in 
the timing of the intervals between successive pings. The interval between the first two pings, 
known as the synchronization interval, defines a narrow range of possible coding schemes 
indicating the tag’s model, a range of potential identification numbers, and other associated data. 
The last interval acts as a checksum used to confirm that a series of detected pings are from a 
single train of a valid tag. The remainder of the inter-ping intervals encode the tag’s unique 
identifier and any sensor data. Each complete transmission lasts roughly 3 to 5 seconds (Pincock, 
2008). On receipt of each ping, the receiver enters a short “blanking interval” period during 
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which it does not detect additional pings. A blanking interval can have a maximum duration of 
260 milliseconds and can be selected by the user during receiver initialization (Figure 2.1). When 
a receiver unit successfully detects the full ping train, including valid synchronization and 
checksum intervals, it stores the date, time, tag identification, and data from the tag’s 
environmental sensors (Simpfendorfer, Heupel & Collins, 2008). Acoustic energy in the same 
operational frequency as the tag that arrives at the receiver after the blanking interval and before  
 
 
Figure 2.1. Recorded Acoustic Waveform of V13 Tag Transmission Indicating the 
Function of Various Inter-Ping Interval Regions. 
For this tag, a full transmission train is composed of 8 pings. The inter-ping region (A) is the 
transmission’s synchronization interval. (B) regions encode the transmitter’s ID. The final 
interval, (C), is the check sum validation. Grey bars overlaid on the wave form represent a 
260 ms blanking interval following the arrival of a ping during which additional acoustic 
energy arriving at the receiver is ignored. Acoustic energy arriving at the receiver outside of 
these blanking periods may result in CPDI if the arriving intensity exceeds the detection 
threshold. 
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the subsequent ping may result in failure of the receiver to log the detection or accurately record 
the tag’s identifier (Simpfendorfer, Heupel & Collins, 2008; Pincock, 2012). 
In this manuscript, we will use the term “multipath” in place of “echo” to refer to arrivals 
of the signal that have been reflected off the sea surface and/or seafloor, for reasons of clarity 
and consistency with acoustic terminology. CPDI occurs when a ping’s multipath arrives at a 
receiver during the tag’s transmission sequence, outside of a prescribed blanking interval. If the 
received level of the multipath is sufficiently high, the receiver may misinterpret the multipath as 
the arrival of the subsequent ping, resulting in rejection of the transmission (Pincock, 2012, 
Kessel et al., 2015). The arrival time of each multipath can be calculated from the geometry of 
the relative position of the tag and receiver in an environment, and the sound speed of that 
environment. As acoustic energy radiates outward from the tag during each transmission, it can 
arrive at a receiver via the shortest and most direct path as well as by reflecting off one or more 
surfaces before arriving at the receiver. The paths of the reflected acoustic energy are termed 
multipaths. The length of multipaths intersecting the position of a receiver are by definition 
longer than the direct path, having had to reflect off of some interface during propagation. The 
relative arrival time of each multipath is therefore a function of the length of the direct path, the 
multipath propagation distance, and the speed of sound, which itself is dependent on the water’s 
pressure, salinity, and temperature (Medwin & Clay, 1998). 
Broadly, reflections result when acoustic energy encounters sharp acoustic impedance 
contrasts such as those occurring between the water and air and (often to a lesser degree) 
between water and the seafloor. Acoustic energy may arrive at a receiver having been reflected 
one or more times off such interfaces. For fixed tag-receiver pair depths, the path length 
difference (hence relative multipath arrival time difference) between direct and multipath arrivals 
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decreases as the range between tag and receiver increases (Figure 2.2). Consequently, increasing 
tag-receiver separation decreases the number of multipaths arriving after the receiver’s blanking 
interval, decreasing the likelihood of transmission rejection. Furthermore, the intensity of the 
reflected signal is attenuated during propagation, with signal strength inversely related to 
multipath length, resulting in such a point that the intensity of the received signal is no longer 
exceeds the receiver’s detection threshold. This explains why effects of CPDI are most 
pronounced at close ranges and only under certain (e.g. reverberant environment) deployment 
conditions. The goal of the present study is to construct and validate a mechanistic model for 
CPDI which simulates multipath arrival under various deployment scenarios and can be used to 
understand and predict when transmission detection may be affected by CPDI. Prior models have 
been developed to explain the inverse relationship of detection probability and distance (How & 
de Lestang, 2012; Gjelland & Hedger, 2013) but no other model has considered CPDI. We 
propose a simple position-based mechanistic CPDI model based on the time delay between direct 
path transmission and reflected (multipath) arrivals. Our model is based on the hypothesis that a 
multipath from a tag ping reflected off the sea surface and/or seafloor, arriving after the 
receiver’s blanking interval with sufficient energy for detection, will cause the receiver to reject 
the transmission. The purpose of our proposed mechanistic model is to predict when CPDI may 
result in the rejection of tag transmissions for a given environment and receiver position using 
parameters commonly derived during equipment ranging experiments. This will allow future 
studies to use their own range test results to select deployment configurations that mitigate CPDI 
conditions.  
Our model identifies deployment depth as an important factor contributing to CPDI. 
Consider the simplest case of the arrival of transmission energy along the direct path and the first 
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multipath reflected off the sea surface in an environment with a uniform sound speed (sound 
speed is constant across all water depths) where arrival time is directly related to propagation 
distance of the direct and multipath. When the water surface is smooth, the sea-surface acts as a 
near perfect reflector with virtually no transmission loss (Urick, 1967). In the case of a 
sufficiently shallow receiver and tag, the difference in the arrival time of acoustic energy along 
the direct and surface reflected multipath is less than the receiver’s blanking interval (Figure 
2.3A). The multipath arrives during the receiver’s blanking interval and does not interfere with 
 
Figure 2.2. Simulated Arrival Times for a Transmission Between a Tag and Receiver as 
a Function of Depth and Distance. 
Arrival time of the direct and first surface reflected multipath. Arrival times were simulated in 
100 m increments for depths between 50 and 450 m, with both tag and receiver positioned at 
the same depth, a fixed sound speed of 1,530 m/s, and an unconstrained (infinite) average 
maximum detection distance. Dashed lines represent positions of tags and receivers where the 
arrival of the first surface reflected multipath is predicted to result in CPDI for a receiver 
with a blanking interval lasting 260 ms. For each depth, as the distance between the receiver 
and tag increases, the relative arrival time of acoustic energy along the direct path and the 
first surface reflected multipath converge. CPDI occurs until the point at which the relative 




Figure 2.3. Schematic Showing the CPDI Outcome of Direct and Surface Reflected 
Multipath Arrivals as a Function of Depth. 
In the simplified scenario considering only the direct and surface reflected multipath, (A) 
when receiver and tag are sufficiently shallow that the multipath arrives before the conclusion 
of the blanking interval, the multipath does not result in CPDI. (B) At intermediate depths, the 
multipath arrives at the receiver following the end of the receiver’s blanking interval, 
producing CPDI. (C) In environments of sufficiently deep depth, where the path length of the 
surface reflected multipath is greater than the maximum distance the receiver can detect a 
tag, the reflected multipath does not arrive with sufficient intensity, and does not result in 
CPDI. 
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the transmission. Holding the horizontal distance between receiver and tag fixed while increasing 
their depth increases the arrival time difference between the direct and surface-reflected arrival. 
At sufficient tag/receiver depths, the surface reflection will arrive after the blanking interval 
(Figure 2.3B). When this happens, the receiver may conflate the reflection for the next ping in 
the transmission resulting in CPDI. Further increasing the depth of the tag and receiver will 
eventually lead to the point at which the propagation distance for the surface reflection is long 
enough (i.e. transmission losses are high enough) that the surface reflection is no longer 
detectable (Figure 2.3C). When this occurs, the reflected ping is not detected by the receiver and 
CPDI does not occur. This needs to be a consideration as the number of acoustic tracking studies 
taking place in deeper environments grows. 
 With this study we conducted a series of sequential experiments building on the results of 
one another to answer the following questions: How does the shape of the detection function 
differ between receivers that experience CPDI and those that do not? What causes CPDI? Can 
we accurately predict where CPDI will occur? How does depth contribute to the CPDI 
phenomena and what depths are most susceptible? 
Materials and Methods 
Summary 
We performed a series of five experiments which incrementally build on the results of the prior 
to construct and validate our mechanistic CPDI model. The goal of the first experiment was to 
determine the range of distances from a receiver at which tags could be detected in a deep-water 
environment (300 m). The observation of CPDI in the results of this experiment led us to 
conduct a second range test in a shallow water setting (25 m) to determine if CPDI effects 
persisted. From observations of the presence/absence of CPDI in experiments 1 and 2, we 
developed the mechanistic model for predicting CPDI using a simplified straight-line ray-
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propagation model where direct and multipath arrivals are modeled as a function of sound speed, 
water depth, and relative receiver and tag positions. We initialized our mechanistic model with 
similar conditions from the results of experiments 1 and 2 and compared the respective presence  
 
Figure 2.4. Map of Oahu, Hawai`i Depicting the Location of Experiments 1-4. 
The location of each of the four field experiments conducted off the south shore of the island 
of Oahu, Hawaii. Receiver locations are indicated by triangles and tag locations with circles. 
Color corresponds to 1 of the 4 experiments with yellow showing the location of the deep 
water ranging experiment (experiment 1), red showing the location of the shallow water 
ranging experiment (experiment 2), the depth dependent model validation experiment 
(experiment 3) in green, and the depth and distance validation experiment (experiment 4) in 
purple.  
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and absence of CPDI during these experiments to the mechanistic model’s predictions. We then 
developed two further field experiments comparing CPDI observations with the mechanistic 
model’s predictions. Finally, we used playback of a recorded acoustic tag transmission in a 
controlled tank setting to confirm the hypothesis that arrivals occurring after the blanking 
interval result in missed detections (hence CPDI). The location of each of the four field 
experiments is shown in figure 2.4. Each experiment is described individually in greater detail in 
the sections that follow. 
Acoustic Telemetry System and Generalized Performance Analysis 
Following the work outlined by Kessel et al (2015), Vemco VR2-W acoustic receivers were used 
for all experiments. After each experiment, detection logs (with detection time and tag id for all 
ping train transmissions detections) were downloaded from each receiver using Vemco’s VUE 
database application and exported as CSV files for further analysis in R (R Core Team, 2014). 
Except where noted, all experiments used Vemco V13 acoustic tags (69 kHz, 153 dB re 1 uPa @ 
1 m) with a variable transmission interval (the time between subsequent ping train transmissions) 
ranging between 30 and 90 seconds (60 second nominal transmission interval).  
 At a glance, the number of detected tag transmissions is significantly lower than would 
be expected during the first two ranging experiments. This is due to the number of tags used 
during these experiments and their transmission interval. As the number of tags with variable 
transmission intervals which are detectable by a receiver increases, so too does the probability 
that individual transmissions from two or more tags will overlap. When this occurs, the receiver 
will reject both transmissions. Therefore, when multiple tags are within the detection range of a 
receiver, even when transmissions were theoretically detectable on their own, the realized 
number of detections will be less than the total number of transmissions sent by all tags. This  
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Figure 2.5. Vemco Collision Calculator Results. 
Vemco Collision Calculator results showing the expected number of total detections recorded 
by a receiver per hour as a function of the number of tags present (Vemco, 2017). As the 
number of tags detectable by the receiver increases, the probability of overlapping 
transmissions from multiple tags increases, leading to the rejection of both transmissions. 
Results shown are for tags with A69-1601 coding scheme and a 60 second nominal delay, the 
same parameters used in experiments 1-3.  
 
problem is exacerbated when the transmission interval of tags is short, further depressing the 
number of transmissions detected. For this reason, we present the number of total detections 
logged by receivers during each hour of the experiment without standardizing values by average 
number of detections sent per hour as this would be dependent on the exact detection 
characteristics during each transmission. Vemco’s website provides a collision calculator for 
estimating the expected number of detectable transmissions when a number of tags with similar 
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transmission parameters are within detection range of a receiver, the results of which we have 
provided for reference (Figure 2.5). 
Experiment 1: Quantifying Detection Range in Deep Water: 7 June – 16 June 2014 
A ranging experiment was initially conducted to quantify detection probability at various 
distances from a receiver for a tracking study investigating the movements of a Hawaiian deep-
water demersal snapper. The experiment occurred offshore of the Diamond Head crater on the 
south shore of Oahu. This area was selected as a study site for its accessibility, moderate slope, 
and similarity to a nearby site involved in other ongoing passive telemetry work. It features a 
protruding flat shallow shelf between 0 and 100 m extending approximately 1.8 km offshore and 
terminating with a moderate slope to 700 m over a distance of 5 km into the Kaiwi channel 
between the islands of Oahu and Molokai (Johnson & Potemra, 2011). 
 Three receivers were deployed from the R/V Ho’okele in 300 m depth. Receivers were 
suspended 1, 15 and 30 m from the seafloor on a single mooring using trawling floats, 80 kg of 
concrete, a polypropylene line, and an acoustic release (LRT, Sonardyne, Yateley, UK). Acoustic 
tags were moored in a similar manner at 1 and 15 m above the seafloor at ranges spaced by 
approximately 200 m from 0 to 1000 m (Figure 2.6A). Equipment was recovered 13 days after 
deployment by activating the acoustic releases. Due to a battery failure in the receiver positioned 
15 m off the seafloor, only data from the receivers positioned 1 m and 30 m above the seafloor 
was recovered.  
 A transmission’s detection probability across the full range of the study was estimated 
using a generalized additive model (GAM) to explain the number of hourly transmissions 
detected for each tag and receiver pair as a function of the distance between tags and receivers  
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Figure 2.6. Design of Experiments 1-4. 
(A) Setup of the first component’s deep-water ranging experiment was designed to determine 
AMDR and CPDI extent for a deep-water environment. The battery for the receiver 
positioned 15 m above the seafloor failed resulting in detection records from the receivers 1 
and 30 m above the seafloor only. (B) Setup of the second component’s shallow water ranging 
experiment, designed to determine AMDR and investigate CPDI in a shallow water setting. 
(C) The third component’s depth dependent validation experiment was conceived to validate 
the predictions of CPDI provided by the mechanistic model with two receiver and tag pairs at 
different depths. The mechanistic model predicted the effects of CPDI observed by the deeper 
receiver while no CPDI was predicted for the shallower receiver. (D) The third component’s 
depth and distance validation experiment was again designed to test the predictive 
capabilities of the mechanistic model. Two VR2-W receivers were deployed at distances from 
three acoustic tags. The mechanistic model predicted the receiver closer to the tags but within 
range of the CPDI affected region would detect fewer transmissions than a receiver farther 
away and outside the CPDI affected region. 
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and the height of the receiver relative to the seafloor, as well as a number of random factors 
identified by other studies to affect detection distance, using a Poisson distribution to model the 
error distribution. Random effect variables included mean hourly wind speed and mean hourly 
wind gust (from NOAA buoy #161234), hourly tide height and hourly tide direction data (from 
NOAA tide station #1612340), and diurnal period, with periods divided into day (6 am to 6 pm) 
or night (6 pm to 6 am). GAMs were fit using the Mixed GAM Computational Vehicle (mgcv) 
package in R (Wood, 2011). From GAM results, the number of transmissions detected was 
predicted for all distances up to the maximum tag range in 1 m increments and then used to 
determine AMDR and the extent of the area from the receiver affected by CPDI. The distance 
variable was fit with a penalized regression spline smoother, selected to reduce the potential of 
overfitting the data when estimating the number of detections between sampled ranges. The 
largest appropriate basis dimension, 6, was selected for the smoother argument to minimize the 
underfitting bias of the region closest to the receiver, where CPDI has the potential to occur, by 
detections from tags at ranges unaffected by CPDI. All random effects were fit with a ridge 
penalized smoother and the value of the basis term for each was assessed for statistical 
appropriateness.  
 From the resulting global GAM, candidate GAMs consisting of all possible permutations 
of independent explanatory variables were compared to determine the best fit models using 
Akaike’s information criterion (AIC). Candidate models within two AIC units of the best fit 
GAM were used to estimate AMDR and CPDI extent. The number of expected hourly detections 
across the range of potential tag locations for each combination of explanatory factors were 
predicted using each GAM using median values for wind speed, wind gust, water level, and 
incoming/outgoing tides during both day and night periods. Predicted hourly detections were 
 31 
then used to determine AMDR and presence/extent of CPDI. AMDR was defined as the distance 
at which the number of predicted detections fell below a threshold of 5% of detections sent. In 
practice, this occurred when there were fewer than three predicted detections per hour. We then 
constructed a range including standard error around this value by also predicting the standard 
error values at each predicted distance and then adding and subtracting the error from our model 
fit. We then calculated a range inclusive of the standard error as the distance where each of our 
predictions incorporating the error term fell below our 5% threshold as a measure of the model’s 
fit. CPDI was said to affect the range from the receiver to the distance at which the predicted 
number of detections and their standard error first overlapped the maximum predicted value and 
its standard error. At this point we could be 95% confident the predicted values no longer 
statistically differed. 
Experiment 2: Quantifying Detection Range in Shallow Water: 22 November – 2 December 
2014 
A second experiment was designed to determine the relationship between detection probability 
and horizontal distance in a shallow setting, and to explore whether CPDI is present in this 
setting. A field site was selected off Sand Island, immediately west of the Honolulu Harbor 
channel. Characterized by a loose sand substrate and sparse coral rubble, this location was 
selected for accessibility to a relatively linear swath of 25 m isobath, water properties presumed 
similar to the deep water ranging experiment site due to their geographic proximity, and a 
standing agreement between the University of Hawaii and Hawaii’s Department of Aquatic 
Resources for use of the area for research purposes.  
 Nine Vemco VR2-W units were deployed on a single mooring from the R/V 
Hoʻoponopono. The mooring design used was similar to the one employed in the deep-water 
ranging experiment except that the polypropylene line was reinforced with a 1/8” braided steel 
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cable and acoustic releases were not used. The nine receivers were suspended in groups of three 
at 1 m, 7.5 m, and 15 m above the seafloor. Eighteen acoustic tags were affixed 7.5 m from the 
seafloor, in groups of three, spaced at approximate horizontal distances of 0, 75, 150, 300, 600 
and 1200 m from the receivers, as measured by GPS during each mooring deployment (Figure 
2.6B). 
 Following deployment, divers descended on the receiver mooring to assess equipment 
condition and measure the bottom depth which was found to be 25 m using a dive computer 
(Zoop, Suunto, Vantaa, Finland). Bottom depth was measured using the same dive computer 
during recovery of the tag moorings which ranged between 23.8 m and 25.3 m. The same 
process for determining AMDR and CPDI extent was performed for data from this shallow water 
ranging experiment as was done during the deep-water ranging experiment.  
Development of a Mechanistic Model for Predicting CPDI  
The proposed mechanistic CPDI model uses a depth and range-independent sound speed (i.e. 
straight-line acoustic propagation), relative positions of the receiver and tag, water depth at the 
receiver, the duration of the receiver’s blanking interval, and AMDR determined from ranging 
experiments to calculate the path length of direct and multipath arrivals for a grid of potential tag 
position (Figure 2.7). All direct and multipath arrivals with a path length less than or equal to the 
AMDR are considered by the model. Our model assumes that the only factor affecting detection 
of acoustic energy by the receiver is the length of the propagation path. Our model does not 
account for scattering and reflective losses at the surface and seafloor (i.e., we assume 
transmission losses are equal for equal path lengths regardless of propagation path). Since some 
energy loss is always suffered on reflection, this approach considers the multipath arrivals that in 
practice may not be detectable by the receiver. This results in the potential for falsely predicting 
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CPDI observations where they may not be present in an experimental setting, resulting in a more 
conservative model with predictions of a “worst-case scenario” situation. However, when surface 
conditions are calm, transmission losses at the sea surface are nominal (Urick, 1967). Our model 
also cannot account for minor variation in tag output as a result of tolerances in Vemco’s 
manufacturing process. Implementations of our model, in both R and Matlab, are provided as 
supplemental material.  
 
Figure 2.7. Sketch of the Mechanistic CPDI Model Applied to a Hypothetical 
Environment. 
The direct transmission path from source to receiver is represented by solid arrow and the 
first four multipath arrivals reflecting off the surface and seafloor are illustrated with dotted 
arrows. With the assumption of a uniform sound speed, the arrival time of the direct arrival 
and each multipath is a function of their respective path length. When the difference in path 
length between any multipath and the direct path is greater than the product of the speed of 
sound and the receiver’s blanking interval, CPDI is predicted to occur. 
 
 The first step of the proposed mechanistic model is to grid the study area by range and 
depth, with each grid point representing a potential tag position and the receiver fixed at 0 m 
range. A resolution parameter allows the user to select an appropriate grid spacing. A ray tracer 
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calculates both direct and multipaths lengths at each grid point using an ideal model of multipath 
propagation (Lurton, 2010). This is repeated for each multipath until a set of all multipath 
lengths less than the AMDR is compiled. Our model then predicts the occurrence of CPDI by 
evaluating the propagation path lengths of the direct and multipath arrivals by two criteria. The 
direct path length is subtracted from the length of each multipath and multiplied by a sound 
speed constant to determine a relative arrival time for each multipath. The set of relative arrival 
times for each grid point is then assessed using our two criteria: Do any multipath arrivals have a 
path length less than AMDR? If so, do these path lengths have relative arrival times greater than 
the receiver’s blanking interval? The reasoning behind the criteria is as follows: The direct path 
arrival of the first ping in the tag’s ping train, arriving before any multipath arrivals, should 
trigger the receiver to begin the blanking interval. Once the blanking interval ends, any 
detectable multipath arriving (e.g. the surface reflected bounce of the first ping) may cause the 
receiver to reject the ping train since the receiver is expecting the direct path arrival of the 
second ping in the train. Rejection is not predicted for multipaths with lengths longer than the 
AMDR as we assume transmission losses incurred during propagation will be equal to or in 
excess of the direct path and will therefore be undetectable to the receiver.  
 Therefore, each multipath arriving at a receiver may fall into one of three categories. 1. If 
the relative arrival time is less than or equal to the blanking interval and the total path length is 
less than or equal to the AMDR, the multipath is not predicted to interfere with detection of the 
direct signal. 2. If the relative arrival time is greater than the blanking interval and the total path 
length is less than or equal to the AMDR, the multipath is predicted to interfere with the direct 
signal resulting in failure of the receiver to detect the transmission. 3. If the path length is in 
excess of the AMDR, no interference is predicted, as the multipath has experienced transmission 
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losses during propagation such that it is below the threshold for detection. At each grid point, 
each multipath is categorized. Grid points with at least one multipath falling into the second 
category are predicted to experience CPDI based on our criteria; grid points where all 
transmission multipath are of the first and third type are predicted not to experience CPDI.  
 Following the development of the mechanistic CPDI model, we input parameters from 
both deep water and shallow water ranging field experiments to compare the range affected by 
CPDI to predictions from the mechanistic CPDI model. We used a 260 ms blanking interval (by 
default the largest blanking interval available when initializing a VR2-W), a sound speed of 1530 
m/s (typical of the environment in which testing was performed (Tsuchiya et al., 2015)), and a 
grid resolution of 1 m. For the deep-water ranging experiment (experiment 1), transmission 
detection was predicted by simulating receivers at 270 and 299 m depth in a water column depth 
of 300 m across horizontal distances up to 1,000 m from the receiver with the mechanistic CPDI 
model. For the shallow water range experiment (experiment 2), receivers were simulated at 24, 
17.5, and 10 m depth in a 25 m environment over the 1,200 m range tags were deployed. The 
AMDR variable was defined as the distance at which the number of transmissions detected by 
receivers, estimated from the median of all considered candidate GAM estimations, fell below 
5%. With a nominal transmission interval of 60 seconds, this threshold was 3 detections per hour 
for the tags used in these two experiments. 
Experiment 3: Depth Dependent Model Validation: 17 March – 25 March 2015 
The first of two validation experiments was designed to test predictions of CPDI related to 
deployment depth. In this experiment, the mechanistic CPDI model was used to identify two 
depth conditions: One in which multipaths were predicted to arrive outside the receiver’s 
blanking interval, producing CPDI, and a second, where no detectable multipaths arrived outside 
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the receiver’s blanking interval, and thus no CPDI effects were present. The mechanistic model’s 
AMDR parameter was set to 843 m, the closest whole number to the median value determined 
during the deep-water ranging experiment (experiment 1), due to similarities in depth and 
deployment location. The model’s blanking interval was initialized at 260 ms and sound speed 
was 1,530 m/s. The mechanistic model predicted CPDI for receiver and tags on the same 
mooring line (a horizontal distance of 0 m), when both receiver and tag were positioned 1 m 
above the seafloor in 215 m bottom depth. No CPDI was predicted for a similar tag and receiver 
pair in 50 m water depth. Latitude and longitude coordinates were selected for locations 
matching these depths in proximity to the location where the deep-water ranging experiment was 
conducted using bathymetry charts (Johnson & Potemra, 2011). One mooring was deployed at 
each site from the RV Hoʻokele. Each of the moorings consisted of a tag and receiver positioned 
1m from the seafloor. The vessel’s depth sounder indicated that the unit intended for deployment 
at 50 m was deployed at its target depth, while the receiver intended for 215 m was deployed just 
off target in 212 m water depth (Figure 2.6C). The experiment ended prematurely when the 50 m 
unit broke free of its mooring and was recovered by State of Hawaii Division of Aquatic 
Resources enforcement officers nine days after deployment. Logistics and strong trade wind 
conditions prevented recovery of the remaining unit for a further eight weeks. 
 The number of tag transmissions detected hourly by each receiver was assessed for 
normality using Shapiro-Wilks’ test and were compared between receivers using a Wilcoxon 
Sign-Rank test due to the non-parametric distribution of data collected. To account for the 
independence in the number of transmissions sent by each tag, daily meta-logs for each receiver 
were downloaded from the VUE database. These provided the number of valid detections, valid 
synchronization intervals, total detected pings, and the number of detections rejected due to 
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invalid checksums logged by each receiver. Daily performance metrics, including code detection 
efficiency (CDE) and the rejection coefficient (RC) were determined for each receiver from 
meta-logs using methods previously established (Simpfendorfer et al 2008). CDE is defined as 
the fraction of detected transmissions to the number of detected first inter-ping intervals 
(synchronization intervals). CDE ranges between 0 and 1 and is a measure of the receiver’s 
ability to successfully record a detected transmission. RC is the fraction of transmissions rejected 
for failure to validate the checksum relative detected synchronization intervals (Simpfendorfer et 
al 2008).  
 These metrics allowed receiver logs to be normalized for comparison independently of 
the total number of tag transmissions sent. This is important when comparing detection logs in 
which variations in transmission interval may have resulted in each receiver being exposed to a 
different number of transmission ping trains. However, both CDE and RC use the number of 
detected valid syncs as a proxy for the number of transmissions sent. For a receiver to recognize 
a synchronization interval, the time between the arrival of two pings must be of a strictly defined 
length. We suspect multipath arrivals of the first ping of the synchronization interval may occur 
before the subsequent ping, resulting in failure of the receiver to categorize these pings as 
defining a valid synchronization interval. If this occurred, the number of synchronization 
intervals would be an underestimate of the number of transmissions for a receiver experiencing 
the effects of CPDI. To decouple our CDE and RC receiver metrics from the number of 
synchronization intervals, we created adjusted CDE and RC metrics replacing the number of 
detected syncs with number of pings detected reduced by a factor corresponding to the number 
of pings composing a complete transmission train. For our tags, a complete transmission train 
consisted of 8 pings.  
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Experiment 4: Depth and Distance Model Validation: 25 May – 30 May 2015 
The second of the validation experiments was designed to test the mechanistic CPDI model with 
respect to depth and distance. Simulations using the mechanistic CPDI model indicated that in 
300 m water depth, multipath arrivals producing CPDI conditions would persist to distances of 
255 m when receivers and tags were positioned 1 m above the seafloor using a sound speed of 
1,530 m/s and an 843 m estimate for AMDR. Therefore, it was predicted a receiver positioned 
500 m from a group of tags would be more likely to detect a greater number of transmissions 
than a receiver positioned 50 m from the same tags, within the range CPDI was predicted. Three 
acoustic tags with 15-minute fixed transmission intervals were activated 5 minutes offset from 
one another to prevent transmission overlap and moored off Diamond Head in 300 m of water. 
Two separate VR2-W moorings were deployed at target distances of 50 and 500 m from the 
transmitter tags along the 300 m isobath. GPS marks taken during deployment indicated the 
receiver targeted for 50 m was deployed 10 m off mark, 60 m from the tags, and that the receiver 
targeted for 500 m was deployed 8 m off mark, 508 m from the tags (Figure 2.6D). The 
normality of hourly recovery rate data was again assessed for each condition using Shapiro-
Wilks’ test and then between conditions using a Wilcoxon Sign-Rank test. 
Experiment 5: Multipath Confirmation: 13 July 2016  
A controlled tank experiment was designed to test the underlying hypothesis behind our CPDI 
model, that the primary driver of CPDI is spurious ping multipaths arriving after the blanking 
interval. A laptop running Matlab’s Data Acquisition Toolbox (MathWorks 2015) was used to 
playback a waveform signal recorded from a V13 acoustic tag using a digital-to-analogue 
converter, amplifier, and two ITC 1042 transducers (one transmitting and one recording the 
sound) with a relatively flat sensitivity of -200 dB re 1V/µPa between 1 and 100 kHz and a 
sampling frequency of 192 kHz (we refer to the transmitting and recording transducers as the 
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“transmitter” and the "hydrophone", respectively). The transmitter was suspended in the tank 
about 1 m away from a VR2-W receiver unit and the hydrophone. The output level of the 
transmitter was calibrated to match the output of a tag by incrementally increasing amplifier 
output until the peak-to-peak voltage measured by the hydrophone matched the output level 
produced by the acoustic tag placed in the tank at the same position as the transmitter.  
Recordings of the acoustic tag were processed to create a simulated tag transmission. 
Transmission loss for each simulated multipath was calculated using a straight-line acoustic 
propagation model to calculate the path length (𝐼"##) for each of the first 20 acoustic arrivals 
(direct arrival and interface-reflected multipath arrivals). Then, the received level factor (RL) for 
each arrival path was calculated using the formula: 
𝑅𝐿 = 10)*∗,-./0(2344) 
This yielded 20 sets of scalars by which the simulated transmission wave form was multiplied to 
get the simulated received level of each multipath determined from its arrival path. These scalars 
were turned into the impulse response by placing them at the appropriate time delay relative to 
the direct path arrival time (base on the time of arrival info from the mechanistic model for 
predicting CPDI. A waveform containing the direct transmission signal, and when appropriate, 
simulated multipath arrivals, was then constructed by convolving the simulated source waveform 
with this impulse response. Further reductions in signal intensity for multipath arrivals to mimic 
transmission losses incurred during reflection and scattering at surface and seafloor interfaces 
were not considered. Reflections from the walls of the tank were not expected to produce CPDI 
as preliminary testing indicated the tank had an impulse response length shorter than the 
receiver’s 260 ms blanking interval. In other words, the noise level in the tank returned to 
ambient levels within the 260 ms window of the blanking interval. 
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All permutations of tag and receiver placement from field experiments were simulated 
with and without multipath arrivals. This led to two conditions: A control condition in which 
only the direct arrival was emitted into the tank (and thus CPDI not predicted), and an 
experimental condition which included both the direct path and simulated multipaths. Scenarios 
in the experimental condition were further categorized into those in which CPDI was predicted 
and those in which CPDI was not predicted (according to the CPDI model). All simulated 
transmissions were repeated five times.  
Each simulated transmission was assigned an event identification based on the 
experiment simulated and the placement of the receiver in the water column. One of three 
predictive classifications were assigned to each transmission: 1) No multipath (control), 2) With 
multipath, no CPDI predicted, and 3) With multipath, CPDI predicted, leading to 4 possible 
outcomes 1) detection predicted, detection occurred, 2) detection predicted, no detection 
occurred, 3) no detection predicted, no detection occurred, and 4) no detection predicted, 
detection occurred. A transmission was coded 1 if it was detected by the receiver and 0 if it was 
not detected. A logistic regression was fit using a generalized linear model (GLM) with 
transmission detection/non-detection as the binary response variable. Predictor variables 
included the predictive classification (control, with multipath, no CPDI Predicted, with multipath 
CPDI predicted), and the event ID representing the analogous experiment and condition 
simulated. Terms representing the interaction between predicted/observed and each event ID, 
which would identify any simulated experimental analogues where observations varied from 
predictions, were also considered. Model selection was used to identify the best GLM. A pseudo 
R2 was calculated for the GLM (McFadden, 1973) and hierarchical partitioning was performed to 
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The shape of the detection functions for the deep-water ranging experiment (experiment 1) 
differed from that of the shallow water ranging experiment (experiment 2) (Figure 2.8). The 
presence of CPDI in the deep-water experiment created an area of low detection probability 
surrounding the receiver, with the highest number of observed detections coming from tags at an 
intermediate distance from the receivers. In contrast, the highest observed number of detections 
during the shallow water ranging experiment, where no CPDI was observed, came from the tags 
positioned closest to the receivers. Our mechanistic model for predicting CPDI was largely 
congruent with field observations from ranging and validation tests, accurately predicting when 
the effects of CPDI were observed. For both validation experiments, detection of transmissions 
from tag-receiver pairs where no CPDI was predicted surpassed those where CPDI was predicted 
by our mechanistic model. In controlled tank experiments, we were able to accurately predict the 
detection/non-detection of 460 simulated transmissions with 95.7% accuracy using our multipath 
arrival prediction criterion.  
Experiment 1: Quantifying Detection Range in Deep Water: 7 June – 16 June 2014  
During the deep-water ranging experiment, on average, the range at which tag transmissions 
were detected ranged between 840 and 846 m (Range including standard error: 839 – 847 m)  
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Fig. 2.8 Detection probability profiles from deep and shallow water ranging 
experiments. 
(A) Effects of CPDI are clearly present in the results of the deep-water ranging experiment, 
as indicated by low detection probabilities at ranges close to the receiver increasing to a 
maximum detection probability at an intermediate range. (B) Effects of CPDI are not present 
in detection probabilities of the shallow water ranging experiment, with the maximum 




with some variation arising from different factor levels of random predictor variables (Figure 
2.8A). The range affected by CPDI extended 276.5 m (Range including standard error: 276 – 277 
m) from the receiver for all permutations of predictor variables. The influence of each 
combination of predictor variables on GAM estimates of AMDR and CPDI range are presented 
in Table 2.1. 
 There were 8 GAMs with AIC values equal to or within 2 AIC values of the lowest, and 
thus best fit, model. Each of these explained 64.6% of variation in the number of transmissions 
per hour detected by the receivers (Adjusted R2 = 0.647). The predictor variables included in the 
GAM with the lowest AIC were distance, receiver height, tag height, mean hourly wind speed, 
mean hourly wind gust, and diurnal period.  
Table 2.1. Deep-water Ranging Experiment Results. 
Median predictions of AMDR and CPDI from all candidate GAMs and, in parenthesis, the 
minimum and maximum value predicted by any one candidate GAM inclusive of standard 
error. Also presented are estimates for CPDI range from the proposed mechanistic model, fit 




   
Experiment 2: Quantifying Detection Range in Shallow Water: 22 November – 2 December 
2014 
During the shallow water ranging experiment, on average, tag transmissions were detected to a 
distance of 278 and 290 m (Range including standard error: 277 – 290 m) from the receiver 
(Figure 2.8B). CPDI was not observed during this experiment; that is, the GAM estimated CPDI 
was 0. The influence of each combination of predictor variables on GAM estimates of AMDR 
and CPDI range are presented in Table 2.2.  
 There were 4 GAMs with AIC scores equal to or within 2 values of the lowest, and thus 
best fit, AIC value. Each of these 4 candidate GAMs explained approximately 72.7% of the 
variation in the number of detected transmissions per hour (Adjusted R2 = 0.684). Predictor 
variables for the GAM with the lowest AIC score included distance, receiver height, diurnal 
period, mean hourly wind gust, mean hourly wind speed, and mean hourly water level.  
Table 2.2: Shallow Water Ranging Experiment Results.  
Five number summaries (minimum, first quantile, median, third quantile, and maximum 
values) for predictions of AMDR and CPDI range over all candidate GAMs and CPDI model 
estimates for CPDI range, fit with the median value for each combination of factors. 
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A Mechanistic Model for Predicting CPDI 
We input environment parameters from the deep and shallow water ranging experiments 
(experiments 1 and 2) and their median AMDR estimates into our mechanistic model for CPDI. 
CPDI estimates from range test results were compared to the mechanistic model’s predictions 
(Tables 2.1 and 2.2). For the deep-water ranging experiment, the mechanistic model predicted 
CPDI extending from the receiver to distances between 259 and 326 m while GAM predictions 
estimated CPDI extent to 276.5 m from the receiver (Table 2.1). Predictions of the CPDI ranges 
using the mechanistic predictive CPDI model were within 52 m of the median estimations from 
the GAM models for the deep-water ranging experiment (experiment 1), differing by an average 
of 14.75 ± 9.44 m. For the shallow water ranging experiment, CPDI was neither predicted nor 
observed by either method (Table 2.2). 
 As the mechanistic CPDI model does not consider transmission losses from reflection 
and absorption, it was not unexpected that the CPDI model predicted a slightly larger CPDI 
range than that estimated by the GAMs results. Only the combination of receiver and tag both 
positioned 1 m above the seafloor produced GAM estimated CPDI ranges larger than those 
predicted by the CPDI model. 
Experiment 3: Depth Dependent Model Validation Experiment: 17 March – 25 March 2015 
During this experiment, observed detections of tag transmission by each receiver were consistent 
with predictions made by the mechanistic model. Shapiro-Wilks’ tests indicated that distributions 
for the number of hourly detections by each receiver were non-normal (p < 0.05 for the 50 m 
case and p < 0.001 for the 212 m case). The number of detections recorded by the two receivers 
differed significantly as determined by using a Wilcoxon sign-rank test (p < 0.001). The 50 m 
tag/receiver pair experienced mean detection rates over 5.5 times greater than that of the 212 m 
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tag/receiver pair (56.6 detections per hour vs. 10.0 detections per hour, respectively). There were 
no periods in which the deeper receiver, where CPDI producing multipaths were predicted, 
detected more transmissions than the shallow receiver where CPDI producing multipaths were 
not predicted. 
 Assessment of performance data for each receiver from meta-logs was done using 
conventional CDE and RC metrics with the number of detected syncs serving as a proxy for total 
transmissions as well as adjusted metrics substituting the syncs for the number of pings detected 
divided by the number of pings composing a full transmission. For both metrics, non-parametric 
methods were required due to non-equivalent variances between receivers and a non-normal 
distribution of both CDE and adjusted CDE from the receiver in 50 m depth. The 50 m depth 
receiver had median CDE and adjusted CDEs of 1.00 (meaning virtually no detections were 
missed) while the 212 m receiver had a significantly lower median CDE of 0.0865 (p < 0.01; 
paired Wilcoxon sign-rank tests). When compared using the adjusted CDE metric, the difference 
between receivers remained significant (p < 0.05). The 50 m depth receiver had a median 
adjusted CDE of 1.00 while the receiver at 212 m depth had an adjusted CDE of 0.214 (Figure 
2.9).  
 Median RC values for each receiver were not significantly different, with a median value 
of 0 for the receiver at 50 m depth (no detections were rejected) and a median value of 0.0138 for 
the receiver at 212 m depth (p > 0.05). When adjusted as described above, the difference was 
significant (p < 0.05). The median daily adjusted RC was 0 for the receiver at 50 m depth and 
0.110 for the receiver at 212 m. These daily results, which make no assumptions about the 




Figure 2.9. Comparing the Mean Daily Components of the Adjusted CDE Between 
Receivers in the Depth Dependent Model Validation Experiment (Experiment 3). 
The number of pings detected has been standardized by a factor of 8, the number of pings 
comprising a transmission as a proxy of total transmissions sent. The receiver affected by 
CPDI (212 m depth) detected a greater number of transmission pings but detected 
substantially fewer transmissions than the receiver not affected by CPDI (50 m depth). 
 
analyses and the mechanistic model’s predictions, supporting the use of our adjusted metrics 
when CPDI effects are present. 
Experiment 4: Depth and Distance Model Validation Experiment: 25 May – 30 May 2015 
Consistent with the mechanistic model’s predictions, the receiver 60 m from the tags detected 
fewer transmissions than the receiver 508 m from the tags. Shapiro-Wilks’ testing indicated that 
detection probability distributions were non-normal (p < 0.01 and p < 0.001 for the receivers at 
60 m and 508 m from the tags respectively). A Wilcoxon sign-rank test used to compare hourly 
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detection counts between the receivers found that the receiver at 508 m recorded significantly 
more detections per hour than the receiver at 60 m, logging on average over 1.5 more detections 
per hour (7.67 transmissions per hour compared to 4.88) than its shallow water counterpart (p < 
0.001), despite the greater distance. The receiver at 508 m range outperformed the receiver at 60 
m range in 120 of the 133-hour intervals and recorded the same number of transmissions during 
4 of the 133-hour intervals. In the 9 remaining cases, the receiver at 60 m detected more 
transmissions than the receiver at 508 m. Although the specific explanation for these 9 cases is 
unknown, it is possible that it was due to fluctuating noise levels.   
 In support of the hypothesis that fewer transmissions detected by the receiver closest to the 
tag were caused by invalidated ping trains, meta-logs showed that the receiver located 60 m from 
the tags recorded more individual pings than the receiver at 508 m over the duration of the study 
(11,277 pings compared to 9,731 pings). Despite this, the 60 m range receiver logged fewer 
detections of completed transmissions during the same period (674 detections compared to 
1050). These results compare favorably to the mechanistic model, which predicts a CPDI range 
of 276.5 m. 
Experiment 5: Multipath Confirmation: 13 July 2016  
Of the 900 simulated tag transmissions, only 20 measured outcomes differed from CPDI 
predictions. Of these, there were 4 detections where transmissions included simulated multipaths 
predicted to interfere with detection. The remaining 16 discrepancies occurred when the model 
predicted detection, but no detection was logged by the receiver. 
 The binomial GLM compared detection or non-detection of a transmission logged by the 
VR2-W during tank testing to predictions of the CPDI model. Initially, a GLM was fit with 
predictive CPDI classification, event ID, and their interaction as independent variables. The 
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interaction term was found to be statistically insignificant (p > 0.05) so the GLM was refit with 
just predictive classification and event ID variables (Table 2.3). In addition to the intercept term, 
representing the control prediction while simulating the receiver closest to the seafloor during the 
deep-water ranging experiment (experiment 1), two model terms were significant. The most 
significant term was the predictive classification “with multipath, CPDI predicted” (p < 0.001). 
There was no statistical difference in the number of detections between the control group and the 
‘with multipath, no CPDI predicted’ group. These results indicated that the detection of 
transmissions with simulated multipaths where no CPDI was predicted did not differ from the 
control group without multipaths, for which detection was also predicted. Conversely, there were 
significantly fewer detections when the arrival times of simulated multipaths predicted CPDI  
 
Table 2.3: Component 4 GLM Results. 
Summarized results for the controlled tank experiments fit with a binomial GLM. 
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conditions. Of the factor levels for the event ID model terms, only the condition corresponding to 
results of the 212 m water depth scenario from the depth dependent model validation experiment 
(experiment 3) were significant (p < 0.001). Overall, the model explained approximately 81.5% 
of the observed variance (pseudo R2 = 0.815) with 81.8% of that total explained variance coming 
from our predictive CPDI classification. 
Discussion  
Predicting conditions under which CPDI may occur is important for optimal implementation of 
acoustic networks and interpretation of study results. The present study demonstrates that 
relative positions (in both depth and distance) of a receiver and tag can lead to conditions where 
acoustic energy reflected from the surface and/or seafloor may interfere with detection of the 
transmission’s pulse train. Implementation of a ray tracing mechanistic CPDI model was able to 
predict when this interference occurred in multiple experiments with a high degree of accuracy. 
 It has been noted that CPDI may be present in environments particularly amenable to 
acoustic reflection (Kessel et al., 2015). This stands to reason as transmission losses incurred 
during reflection in these environments are low, producing multipaths that are relatively loud. 
However, particularly for receivers deployed in deep water settings, surface reflections may be 
enough to produce observable CDPI effects regardless of the reflective properties of the seafloor. 
Compared to their shallower receiver counterparts, for deeper receivers, reflected acoustic 
energy has the potential to arrive following the end of the blanking interval with fewer 
reflections off the surface and/or seafloor. These signals incur fewer transmission losses due to 
scattering and reflection than signal energy reflected multiple times. In relatively low noise 
environments also prone to acoustic reflections, multipath acoustic energy reflected off the 
surface, seafloor, or some combination of each, may also arrive with sufficient intensity for 
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detection by the receiver, invalidating the tag identification and event recording, and 
exacerbating the problem of detection under CPDI conditions.  
During our deep and shallow ranging experiments (experiments 1 and 2), some 
variability in the presence and observed magnitude of CPDI effects can likely be attributed to the 
number of high output tags used and their variable transmission intervals. The maximum 
transmissions detected by a receiver of a single tag was 40 of 60 expected hourly transmissions. 
We believe this was partially a result of the large number of tags used during each ranging 
experiment (12 in the deep water experiment and 18 in the shallow water experiment), with 
relatively short transmission intervals (averaging 60 s) resulting in failure to detect transmissions 
during periods of transmission overlap, reducing the overall number of transmissions detected 
each hour. 
Selecting an appropriate transmission interval and power output of study tags is often a 
tradeoff. The tags used in experiments 1-3 were selected for use in a deep-water snapper study 
with receivers positioned so their detection ranges would overlap in fence/gate configurations. A 
relatively short transmission interval was selected so multiple transmissions would be emitted by 
tagged fish swimming between receivers, improving the probability of detecting the presence of 
an individual. For similar reasons, tags were also high output. This allowed us to maximize the 
distance from a receiver that transmissions could be detected and construct a fence from a 
minimum number of receivers. However, increasing the output level of a tag also increased the 
received signal level of transmission multipaths which, under sufficient conditions, produce 
CPDI.  
 Some hourly variation in the number of total transmissions sent by each tag was 
expected and may have contributed further variability to the observed hourly data. However, it is 
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unlikely the variable transmission interval accounts for the magnitude of observed CPDI effects 
as each transmitter has the same variability in transmission interval; thus, all tags were expected 
to have a similar number of hourly transmissions. 
Standardizing test results of the depth dependent model validation experiment using data 
from receiver meta-logs allowed us to control for discrepancies in variable transmission 
intervals. The number of synchronization intervals and pings detected are likely underestimates 
of the true values due to the receiver’s inability to detect transmissions during blanking intervals 
(Simpfendorfer, Heupel & Collins, 2008). Both synchronization interval and ping data were used 
to compare between the two depth conditions in the depth dependent model validation 
experiment (experiment 3). These may have led to underestimation of the number of 
transmissions undetected at the deeper receiver, but we do not think this had an effect on the 
overall outcome of the experiment. Relative to the receiver at 50 m water depth, the receiver at 
212 m depth showed the effects of CPDI while having comparatively higher daily values for 
both synchronization intervals detected (3658 median daily synchronization intervals compared 
to 1355.5 median daily synchronization intervals) and daily pings detected (11,777.5 median 
daily pings compared to 10,844.5 median daily pings). Despite greater detection of individual 
syncs and pings, this receiver logged 1039 fewer transmissions per day on average (316.5 
median daily detections compared to 1355.5 mean daily detections). This indicates that the 
deeper receiver detected more individual pings but failed to detect the transmissions. This 
observation is consistent with transmissions being affected by CPDI. The remaining experiments 
were not subject to these concerns as each used a design in which all transmissions were 
detectable by each receiver.  
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Environmental and anthropogenic factors have been implicated as external sources of 
variability affecting receiver detection performance (Cagua, 2012; Cagua, Berumen & Tyler, 
2013; Gjelland & Hedger, 2013; Mathies et al., 2014). While our mechanistic model does not 
directly account for background noise level, in practice, increased background noise leads to a 
reduction of the AMDR term and decreases CPDI range. Similarly, lower background noise 
levels may increase both AMDR and CPDI range. Thus, background noise levels are accounted 
for indirectly in the model through the AMDR term. Parameters for the AMDR used in the 
mechanistic CPDI model were estimated from ranging results by fit of the candidate GAMs. 
During periods of increased background noise within the receiver’s detection frequency 
bandwidth, greater acoustic energy is required to get a signal-to-noise ratio greater than the 
detection threshold. We suspect that this accounts for the large discrepancy between the AMDR 
values for the deep-water ranging experiment (experiment 1) which took place in deeper and 
presumably quieter waters than the shallow water ranging experiment (experiment 2) where 
equipment was positioned near a patchy coral reef and harbor entrance.  
Low background noise levels in the tank and artificially high signal levels for simulated 
multipath arrivals produced CPDI at simulated distances far surpassing those observed during 
shallow and deep-water ranging experiments. There was a higher number of detected 
transmissions in the tank environment for simulated tag transmissions which mimicked distances 
between tag and receiver where a low number of detections were observed in field experiments 
and for which CPDI was not expected. Low background noise levels in the tank environment 
meant that signals of weaker intensity were detected by the receiver. In several instances, CPDI 
was not observed in field results, but was present in the tank experiment analogue. Multipath 
arrivals in the ocean undergo additional attenuation when reflecting off the sea surface and 
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seafloor interfaces. These losses were not accounted for in the calculation for reducing signal 
intensity of multipath arrivals in tank simulations. When coupled with the tank’s favorable low 
noise conditions, we would expect more simulated multipath arrivals to arrive at the receiver 
with sufficient intensity for detection to produce CPDI in the tank than in the field.  
There are a number of study designs and analysis methods that would benefit from the 
consideration of CPDI. When paired with knowledge of an organism’s swimming speed, this 
model can be helpful in the selection of an appropriate interval for tag transmissions. An ideal 
transmission interval will ensure tagged individuals traveling through the detection range of the 
receiver have a likelihood of detection equal to or greater than some acceptable probability. This 
is particularly relevant to passive acoustic network arrays where the detection footprints of 
receivers overlap, such as full coverage, gate, and curtain designs (Heupel, Semmens & Hobday, 
2006). When applied post-hoc, the mechanistic model for predicting CPDI described here can 
give some indication of overall network performance and estimate the permeability of 
overlapping receiver detection footprints. In studies using depth sensor tags to investigate the 
depth distribution of an organism, detection logs may under-represent depths where CPDI 
conditions are prevalent, given that the incidence of CPDI is sensitive to tag depth. Studies 
where receivers are attached to dynamic platforms such as vessels, gliders, autonomous 
underwater vehicles, and marine animals, should also consider the effect that changes in receiver 
position and environment depth can have on CPDI and transmission detection. It is also 
important to understand a receiver’s susceptibility to CPDI when choosing to analyze telemetry 
data using space state models. In their current implementations to marine animal telemetry, these 
models rely on both detection and non-detection probabilities to estimate the distance of tagged 
individuals from a receiver (Pedersen & Weng, 2013; Alós et al., 2016). CPDI may confound 
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position estimates if not accounted for as equivalent detection probabilities can occur at multiple 
distances from the receiver. Paired with appropriate range testing and knowledge of the study 
organism’s habitat preferences, the model for CPDI proposed in this study can be used to suggest 
optimal vertical receiver positioning within the water column. If preferred depth of the study 
species is unknown, the model can be run over the full depth range or a subset of ranges with 
only a small increase in computational runtime.  
Conclusion  
CPDI results in the failure to detect tag transmissions when reflected acoustic energy arrives at a 
receiver with intensity and timing sufficient to be mistaken for a unique signal. Our results show 
that when CPDI conditions are present, the shape of a receiver’s detection function includes an 
area of low detection probability near the receiver. Conditions leading to CPDI can be 
reasonably predicted by incorporating knowledge of the study environment and a receiver’s 
detection parameters. Depth is also a key factor in the occurrence of CPDI. Assuming a constant 
sound speed of 1,530 m/s, CPDI may occur when relative path lengths exceed 400 m. In this 
example scenario, CPDI arising from the first surface reflection occurs for receivers at depths 
greater than 200 m. In cases where reflection off both the surface and seafloor are important, the 
receiver depth for which CPDI occurs will decrease relative to this surface-reflection only case. 
Relatively quiet and/or highly reflective environments (e.g. hard bottoms) lead to higher signal-
to-noise ratios which result in a greater number of multipath arrivals that can be detected at the 
receiver. These signals potentially interfere with transmission detection, increase the CPDI 
range, and result in fewer (or potentially no) detections from tagged individuals near receivers.  
Modeling for CPDI, therefore, is an important step for designing and interpreting acoustic 
tagging studies, particularly when working at greater depths. This is particularly a concern as 
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acoustic tracking studies occurring in deeper waters becomes more common (Starr, Heine & 
Johnson, 2000; Afonso et al., 2012, 2014; Weng, 2013; Comfort & Weng, 2014; Gray, 2016). 
Prior to deployment of acoustic hardware, CPDI modeling over known depth distributions, 
consistent with a study species, can recommend deployment configurations to potentially 
mitigate CPDI effects. When the depth distribution for a species of interest is unknown, or a 
receiver network is being used to monitor multiple species with differing depth distributions, 
modeling over the entire water column can still provide researchers with valuable suggestions for 
deployment depth with little extra computation time.	  
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CHAPTER 3: EVALUATING MOVEMENTS OF THE DEEP-
WATER SNAPPER PRISTIPOMOIDES FILAMENTOSUS 
RELATIVE TO A FISHERY RESERVE USING A PASSIVE 
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Pristipomoides filamentosus relative to a restricted fishing area using a passive array and 
constrained linear home range estimator. Fishery Bulletin. September 2019.   
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Abstract  
Networks of no-take reserves have emerged as a tool for managing stocks of deep-water fishes. 
In Hawaii and elsewhere, these areas are being used to manage deep-water snappers. However, 
there is a paucity of information regarding the movements and home range size of these fishes 
relative to these reserves. We used passive acoustic telemetry to track opakapaka 
(Pristipomoides filamentosus) relative to one of Hawaii’s bottomfish restricted fishery areas 
(BRFAs) to assess its suitability for this species.  
 From January 2017 to January 2018, we tagged 179 fish. A decision tree method used to 
classify track status categorized 10 fish as “alive”. Of the 10 fish categorized alive, the median 
track duration was 415 days with 28,321 detections/individual. Individual home range estimates 
averaged 6.0 km, smaller than the median length of Hawaii’s BRFAs. Half of the fish were 
detected crossing reserve boundaries on average once every 5.8 days. Fish that left the reserve 
were detected within the reserve on 97% of the days they were tracked. These results suggest 
that this species is likely to benefit from reserve networks, and Hawaii’s current BRFAs are 




Deep-water fishes are typically characterized by slow-growth and late maturity, leaving them 
vulnerable to overexploitation (Cailliet et al., 2001; Drazen and Haedrich, 2012). Deep-water 
fishery reserves have emerged as a tool for rebuilding and maintaining these stocks (Williams et 
al., 2009; Friedlander et al., 2014; Huvenne et al., 2016; Uehara et al., 2019). Key to 
understanding the benefits of these reserves is quantifying their ability to retain and protect fish 
during critical life stages to confer positive, beneficial effects (Roberts et al., 2014). However, 
biological considerations are often unknown or neglected when reserve areas are designed which 
can lead to uncertain outcomes (Halpern, 2003). Understanding the spatial ecology and 
movement dynamics of these fishes relative to proposed or implemented areas is therefore 
critical to both the planning and evaluation processes (Stephen R. Palumbi, 2004). Passive 
tracking using acoustic telemetry is a popular and versatile tool for quantifying fish movements 
relative to fishery reserves (Crossin et al., 2017). However, deep-water fishes are particularly 
susceptible to post-release mortality compared to shallow-water species due to barotrauma and 
other stressors (Edwards et al., 2019).  
 Deep-water demersal fish are a valuable resource throughout the Indo-Pacific (Kami, 
1972). These multi-species complexes are both economically and culturally important; 
supporting commercial, recreational, and subsistence fishing (Craig et al., 1993; Pooley, 1993). 
In the Hawaiian Archipelago, management of bottomfish resources is a partnership of federal 
and state agencies and focuses on six species of eteline snapper and one endemic grouper that 
inhabit island slopes and banks at depths that typically range between 100 and 400 m (Kelley and 
Ikehara, 2006; Oyafuso et al., 2017). Locally these species are referred to as the Deep-7 with 
Pristipomoides filamentosus (local name ‘opakapaka’) accounting for the largest fraction of the 
commercial and recreational harvest. During the 2017-2018 fishing year, the ex-vessel value of 
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these species was in excess of $1.6 million with P. filamentosus accounting for just over half of 
this figure1.  
 In response to the declining spawning potential ratio for Etelis coruscans and Etelis 
carbunculus, the second and third most abundant species harvested, respectively, an annual catch 
limit and a network of restricted fishing reserves were introduced in 1998. These control 
measures were meant to facilitate the recovery of Deep-7 stocks. The Bottomfish Restricted 
Fishing Areas, or BRFAs as they are known, are a network of fishery reserves designed to 
recover stocks by protecting 20% of bottomfish habitat in the Main Hawaiian Islands 
(Friedlander et al., 2014). In 2008 the BRFAs were restructured, with a goal of further reducing 
fishing pressure. The number of reserve areas was also reduced from 19 to 12. Incorporated in 
this revision process was improved knowledge of preferred bottomfish habitat (Parke, 2007). 
Since this process, several studies have further documented the habitat associations of 
bottomfishes in the Hawaiian Islands (Misa et al., 2013; Cordelia Moore et al., 2016; Oyafuso et 
al., 2017). In August 2019, four reserves were reopened leaving 8 closed areas. 
 The BRFAs are controversial among fishery stakeholders (Hospital and Beavers, 2011). 
Studies have shown that within several of the BRFAs fish size and abundance has increased 
(Sackett et al 2014) and there is some evidence that spillover has occurred to neighboring fished 
areas (Sackett et al 2017). Despite these conservation benefits, in recent years some bottomfish 
fishers have lobbied managers to do away with some or all of the areas (Minutes of the 158th 
meeting of the Western Pacific Regional Fishery Management council, 2013). They argue that 
 
1 Harding, K. 2018. Personal Commun. State of Hawaii Department of Land and Natural Resources, Division of Aquatic 
Resources, Honolulu, HI 
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they do not adequately balance economic effects experienced by the fishers with conservation 
benefits to the fish stocks (Oyafuso, Leung, and Franklin, 2018). NOAA, The State of Hawaii’s 
Department of Land and Natural Resources, and the federal Western Pacific Regional Fishery 
Management Council, who jointly manage bottomfish resources in Hawaii, require information 
on the home range size and movement of bottomfishes to inform the future of these management 
strategies (Western Pacific Regional Fishery Management Council, 2014).  
 There has previously been little empirical data to assess how the spatial scale of the 
BRFAs compares to the routine movements of P. filamentosus and other bottomfish species they 
are intended to protect (Western Pacific Regional Fishery Management Council, 2014). Coarse 
estimates of movement potential for P. filamentosus in the Hawaiian archipelago were obtained 
through a mark-release-recapture tagging study (O’Malley, 2015). In the study, P. filamentosus 
(n [number of fish] = 111, median time at liberty = 325 days) were recaptured up to 61 km from 
their tagging location, however most individuals appeared to move at more limited scales with 
86% of recaptured fish recovered less than 10 km from their tagging site.  
 A handful of studies have used acoustic tracking to study the Hawaiian deep-water 
snappers. An active tracking study followed 2 juvenile P. filamentosus over 5 and 6 day periods 
and described crepuscular movements between day and night habitat with movements occurring 
over areas 0.4 km2 in size (Moffitt and Parrish, 1996a). Passive acoustic telemetry was used to 
track P. filamentosus in 2004 (n = 12, median time at liberty = 5.80 days, 5 receiver array), 2006 
(n = 5, median time at liberty = 0.21 days, 3 receiver array), and again in 2007 (n = 10, median 
time at liberty = 0.58 days, 7 receiver array) as they moved over the boundary demarking the 
Kahoolawe Island Reserve (Ziemann and Kelley, 2004, 2007, 2008). Fish were observed 
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undertaking diurnal movements leaving the area at night and returning in the morning, however 
the size and position of the acoustic array was insufficient to determine movement extent.  
 Only one tagging study has described bottomfish movements in relation to the BRFAs. 
Weng (2013) passively tracked E. coruscans (n = 12, median time at liberty = 40.83 days, 8 
receiver array) and E. carbunculus (n = 6, median time at liberty = 28.44 days, 8 receiver array) 
in BRFA-B off of Niihau, Hawaii. The majority of tagged fish spent most of their time within the 
protected area of the BRFA, suggesting that the BRFA was a reasonable management measure 
for these species of bottomfish. 
 Previous studies of Hawaiian bottomfish movement used small tracking arrays, tagged 
small numbers of fish, tracked fish over short durations, or were limited to observations during 
marking and recapture. Therefore, the usefulness of the BRFAs to decrease fishing mortality on 
the Deep-7 stocks is unclear. The goal of this study was to determine if the movements of P. 
filamentosus were confined to reserves or extended beyond the area boundaries. Passive acoustic 
telemetry was used to track individuals within and outside the boundaries of one reserve area. 
Home range requirements were then estimated and compared to the scale of protection provided 
by the current reserve network. Finally, we looked at how individual fish allocated time between 
reserve and non-reserve areas to understand how frequently fish move between protected and 
non-protected waters. 
Materials and Methods  
Study Area  
The Makapuu region (21° 33.5 N, 157° 52.5 W) was selected as the study site for this project 
because it contains both protected (BRFA-E) and non-protected habitat with sufficient area to 
capture the scale of bottomfish movements observed during a previous multi-island pilot study. 
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The area is important to the commercial fishery and in close proximity to the population center 
of Honolulu.  
 The area is located off Oahu’s windward side, and extends outward from Makapuu Point, 
the south east tip of the island of Oahu, north to the Lanikai Peninsula. A flat broad shelf 
protrudes east from the island’s southern edge before terminating in a deep slope that forms the 
western side of the Kaiwi Channel. The shelf narrows to the north joining with a series of deeper 
shelves and forms submarine canyons. BRFA-E extends from 1.5 miles offshore westward 
across the shelf in line with Koko Head crater to the south and Kailua to the north (Figure 3.1). 
Within BRFA-E, habitat between the 100 and 400 m depth contours encompasses approximately 
49 km2. 
Fish Capture and Tagging  
Fish in this study were captured with the assistance of local fishers using vertical deep drop hook 
and line gear and hydraulic or electric line pullers. We used kaka line and mak-e dog rigs, which 
are the most common method of bottomfishing in the Hawaiian archipelago (Glazier, 2007). 
Hooks were baited with squid, anchovies, sardines, and/or saury for bait. Kaka line rigs were 
fished with no more than 6 baited hooks at a time. Palu is used to attract bottomfish while fishing 
and consists of finely chopped bait (and sometimes a filler material such wheat chaff, rice, or 
oats). Palu was released when the rig was at depth to attract and aggregate bottomfish. To reduce 
barotrauma, when possible, the rate at which the mainline was pulled when a fish was hooked 
was slowed to facilitate some compensative off gassing of the swim bladder during ascent while 
still pulled at a rate fast enough to limit predation by sharks. 
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Figure 3.1. Chart Showing the Station Array Deployed During Analysis Periods 1 and 2. 
The boundaries of BRFA-E are shown by the purple bounding box. Solid red circles show 
receiver stations that were successfully deployed, recovered, and downloaded. Open red 
circles show stations that could not be recovered or downloaded (station loss, data failure). 
Adult bottomfish habitat (100-400 m) is highlighted in blue while green represents land. 
	
 Fish were brought aboard the vessel for surgical tagging and then immediately released 
back to the wild. Once the hook was removed, fish that were deemed acceptable for tagging were 
placed ventral side up in a padded v-board cradle. Sea water was pumped over the gill surface 
using a saltwater hose or a recirculating pump to provide the fish oxygen. Routine venting of the 
swim bladder is not recommended for this species (O’Malley, 2015) so venting was only 
performed if symptoms of barotrauma were severe and was conducted by puncturing the swim 
bladder or protruding stomach with an 18-gauge hypodermic needle stored in disinfectant. An 
incision between 1.5 and 2.5 cm in length was made with a sterile scalpel along the fish’s ventral 
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centerline anterior to the urogenital pore. An acoustic tag was inserted into the peritoneal cavity 
through this opening along with triple antibiotic cream. The incision was closed using sutures 
(Ethicon PDS&Plus antibacterial monofilament, Ethicon US LLC) and secured with a surgeon’s 
knot. When conventional dart tags were available (4-inch PDS-2, Hallprint PTY Inc, Hindmarsh 
Valley, South Australia), fish were tagged externally between the lateral line and the dorsal fin. 
Dart tags were provided by the Pacific Islands Fisheries Group as part of a long-term mark-
recapture program. On-deck handling times were typically less than 5 minutes. 
 Two types of acoustic tag were used in the study, one with a depth sensor and one 
without. Each acoustic tag transmitted a unique ultrasonic identifier once every 90 to 200 
seconds (nominal transmission interval 145 seconds). V13 transmitters had an expected battery 
life of 2.25 years and provided only presence data, while V13P tags had an expected battery life 
of 1.63 years and provided both records of both presence and depth.  
 To determine the size range of fish suitable for tagging, V13 (non-depth recording) and 
V13P (depth recording) tags were weighed. The minimum size of P. filamentosus eligible for 
tagging with each type of tag was calculated using a conservative 2% of bodyweight threshold 
and a species specific allometric relationship between fork length and weight (Uchiyama and 
Kazama, 2003). The minimum fork length suitable for tagging was 31 cm for V13 tags and 33 
cm for V13P tags.   
 Four main strategies for release were used in an attempt to balance rapid recompression 
and predator avoidance: (1) Release at the seafloor using a drop shot device (Blacktip Brand, n = 
74), (2) midwater release (30 – 60 m) using a drop shot device (Seaqualizer Brand, n = 70), (3) 
surface/near surface release (n = 18), and (4) driving the vessel rapidly away from the fishing 
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location before release, either at the surface (n = 8) or using the drop shot device (n = 2). The 
method of release was not recorded for 3 individuals. 
 To directly assess the impact of barotrauma and surgery on P. filamentosus, we built a 
mid-water net-pen (approximately 1.5 m high, 2.5 m diameter) and used it to hold a tagged fish 
at 20 m depth following capture and surgery. After 30 - 60 minutes we descended to the net-pen 
using SCUBA and observed the fish, noting condition and ability to orient and maintain neutral 
buoyancy. We then opened the net pen, allowing the fish to swim free and observed its 
swimming ability. This was conducted for 4 individuals. 
Acoustic Monitoring 
The location of fish in the study area was inferred from patterns of presence and absence at 
receiver stations. Each receiver station consisted of an acoustic receiver (VR2-W or VR2-AR, 
Vemco Ltd, Halifax, Nova Scotia, Canada) and acoustic release (VR2-AR, Vemco Ltd, Halifax, 
Nova Scotia, Canada or LRT, Sonardyne International Ltd, Yateley, Hampshire, UK) buoyed by 
three or four trawl floats and anchored to the seafloor with approximately 80 kg of concrete. 
Each mooring line was sheathed within a 1.5-inch diameter PVC tube to minimize the potential 
for entanglement or fraying. 
 Individual receiver stations formed a larger tracking array that monitored the movement 
of tagged fish in the study area. The tracking array was made up of five sub-arrays representing 
either fence or sparse configurations (Figure 3.1). A ‘fence’ sub-array is a line of receivers 
deployed with overlapping detection regions so that a tagged fish transiting the ‘fence’ will be 
detected. The fences were designed to detect individuals crossing BRFA borders. Because a 
fence placed on the border would detect fish located inside or outside the BRFA, it was 
necessary to have two fences – one outside the BRFA at a distance from the border greater than 
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the receiver’s detection range, and another located inside the BRFA’s border by a similar 
distance. Four fences were deployed with one pair monitoring the northern border and the other 
at the southern border. Placement of each fence was optimized with respect to the probability of 
detecting a tag transmission at a receiver across a range of depths, the bathymetry along the 
fence’s transect, the height of the receiver from the seafloor, the desired height of the water 
column to be monitored, the swimming speed of the species, and a minimum 25% probability of 
detecting any given transmission from a tag.  
 The probabilities of detecting transmissions from tags across a range of distances were 
determined through range testing experiments. Results of range experiments showed that 5% of 
tag transmissions could be heard at a distance of 847 m from the receiver. One quarter of tag 
transmissions were detectable at a distance of 545 m and 12.5% of tag transmissions were 
detectable at a distance of 765 m (Scherrer et al, 2018). Therefore, to achieve a 25% detection 
rate, spacing between adjacent receivers in a fence configuration could not exceed 1,530 m. To 
be conservative, the fence algorithm was initialized with a 12.5% detection range of 600 m and a 
25% detection range of 500 m. Receiver stations were deployed from the vessel over the target 
location and were allowed to sink freely to the seafloor. Using the position of the vessel at the 
time of deployment as the station’s position, the largest distance between two receivers in any of 
the fence configurations was 1,232 m, within the minimum 1,530 m spacing requirement.  
 A ‘sparse’ sub-array is a group of receivers with non-overlapping detections regions, 
used to detect movements around a region, but with much of the region unmonitored. In this 
study, the sparse sub-array area was used to monitor individual movements between areas within 
the BRFA. Individual receiver positions within the spar se sub-array were determined in iterative 
stages using the Acoustic Web App telemetry optimization algorithm (Pedersen, Burgess, and 
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Weng, 2014) and 50 m and 1 km bathymetry of the Hawaiian Archipelago (Johnson and 
Potemra, 2011). Sparse sub-array deployment locations were selected within the bounds of 
BRFA-E after constraining depth between 75 and 475 m. Aggregations of up to 100 P. 
filamentosus have been observed from manned submersibles 2–10 m above the seafloor in the 
Penguin Banks region (Haight, 1989; Haight, Kobayashi, and Kawamoto, 1993; Kelley and 
Moriwake, 2012), so a preferred depth above the seafloor of 6 m was selected. A maximum 
receiver detection range of 847 m was specified using results from deep-water range tests we 
have previously reported (Scherrer et al., 2018).  
 Receivers in relatively deep water are particularly susceptible to close proximity 
detection interference (CPDI), a phenomenon where a receiver may fail to detect transmissions 
from tags at close distances (Kessel et al., 2015a; Scherrer et al., 2018). Results from predictive 
modeling indicate that CPDI occurs for receivers in depths exceeding 200 m. However, CPDI is 
not believed to have affected the detection of fish transiting through receiver fence sub-arrays as 
multiple transmissions would be sent by a tagged fish while within the detection range of the 
receiver before and after encountering the region affected by CPDI. 
Data Analysis 
Categorizing Fish Status 
An algorithmic process was developed to sort fish detected on the receiver based on features of 
their tracks using a decision tree (Figure 3.2). High post-release mortality and moderate to high 
rates of single station residency made determining fish status non-trivial. Simply, it is difficult to 
distinguish a fish with a small home range near a single receiver, from a tag laying on the bottom 
near a receiver. Our algorithm assigned tracks to one of three categories: expired tracks from fish 
that are dead, valid tracks from fish believed to be alive, and uncertain tracks in which a track  
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Figure 3.2. Mortality Decision Tree. 
A flowchart outlining the algorithm used to classify the fate each tagged fish from features of 
their detection record. 
 
could not be determined. Following classification, we reviewed records of each tag and made 
adjustments to status where appropriate.  
 It is similarly difficult to distinguish a rapidly moving tagged fish from a shark that has 
eaten a tagged fish, so we tagged several predator species to assist in parameterizing the 
classification algorithm. We tagged 8 sandbar sharks (Carcharhinus plumbeus), one silky shark 
(Carcharhinus falciformis), and one Galapagos shark (Carcharhinus galapagensis). All tagged 
sharks were detected on the receiver array during the analysis period. Their behavior patterns 
were characterized by frequent movement between stations (mean movements per day = 8.94, 
standard deviation [SD] = 10.7 movements per day), detection at multiple stations in a single day 
(mean stations detected per day: 3.5, SD = 1.6 stations per day), and movement over large 
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distances (mean linear home range = 18.1 km, SD = 5.7 km). Since a meal eaten by a predator is 
likely to be digested and the tag regurgitated within about one week (Medved, 1985), we doubled 
this time period to be conservative, and defined 'shark-like' movement as detection at 4 or more 
stations during the first 14 days of the track. Tags exhibiting 'shark-like' qualities followed by 
cessation of movement were used as indication of a predation event. Tracks shorter than 14 days 
were discarded (as these might be P. filamentosus that are inside a shark’s stomach).  
 Further classification was based on horizontal movement. Range testing indicated that 
under the optimal conditions, tag transmissions could be detected by receivers up to a distance of 
1,000 m, so detections on two receivers less than 2 km apart could be from a stationary tag 
laying between them. Therefore, fish with tracks that moved between two stations separated by 
more than 2,200 m after the 14th day post-tagging were considered valid.  
 If no movements were observed for a given individual, their status could still be 
classified if their tags were capable of reporting depth. Following the 14th day, a valid status was 
assigned to tracks from individuals with depth-sensing tags where vertical movement range 
exceeded 10 m. This threshold was selected as it is greater than the maximum fluctuation in 
depth that could be explained by tidal changes alone.  
 Tags lacking depth sensors that did not move after 14 days were classified as dead if they 
had a strong shark-like movement pattern at the beginning of the track. The status of a fish 
detected at fewer than 4 stations during the first 2 weeks of the track was uncertain. Visual 
inspection of tracks belonging to these fish were indistinguishable from stationary tags belonging 
to fish that were known to be dead while also resembling highly resident fish that were known to 
be alive from depth records. The group tags with an uncertain status likely includes a mixture of 
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both valid tracks from highly resident fish that were detected consistently at a single receiver and 
detections of stationary tags belonging to fish that died after they were tagged.  
Testing for Size-selective Survivorship Bias 
Correlation between body size and survivorship outcome for tagged P. filamentosus was tested 
by comparing the distribution of fork lengths from fish with valid tracks to the total population of 
tagged fish. A subset of fork lengths equal in number to the fish with valid tracks was selected at 
random from the total population of fork lengths without replacement. The mean and standard 
deviation of this subset of fork lengths were calculated, and the process was repeated 10,000 
times. These summary statistics were used to calculate 95% confidence intervals to compare the 
size of surviving P. filamentosus with all P. filamentosus that were tagged.  
Analysis Periods 
Data were split into two analysis periods because receiver losses caused the tracking array to 
change, making early and late data not comparable. Five stations were lost midway through the 
study and replaced, meaning data for these stations exists only for the later period. Three receiver 
stations were lost later in the study, such that data for these sites exists only for the early period. 
Because the stations lost during redeployment and recovery differed, the realized tracking arrays 
during these two periods are of non-comparable shapes (Figure 3.1). The first analysis period 
began on 26 May 2017 and lasted until 15 April 2018. The second analysis period began 6 May 
2018 and lasted until 6 January 2019. 
Calculating Individual Home Range 
A number of methods for quantifying home range have been proposed with application varying 
depending on the technology and method used (Stickel, 1954; Stumpf and Mohr, 1962; Schadt et 
al., 2002; Börger et al., 2006; Dwyer et al., 2015). Since adult P. filamentosus are associated with 
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a narrow depth band, their habitat can be thought of as a river winding along island slopes and 
flanked by areas where individuals are unlikely to occur. In similar systems, a constrained linear 
home range estimator has been shown to provide a more robust estimate of space-use when 
compared to minimum convex polygon, kernel utilization, and other common methods used to 
quantify home range (Dwyer et al., 2015). A constrained linear home range estimator was used 
to calculate the home range size for each individual based on their known locations from 
detection records. 
 The home range distance for each individual was calculated as the least cost path between 
receivers at which a given individual was detected. Paths between receivers were constrained to 
depths between 100 and 400 m using a least-cost path algorithm from the marmap package, vers. 
1. 0.3, in R, vers. 3.5.0 (Pante and Simon-Bouhet, 2013; R Core Team, 2014). In effect, if the 
linear path between two stations crossed a depth falling outside this range, the pathfinding 
algorithm would shift to the nearest point with a depth inside the acceptable range, resulting in a 
longer path consistent with present knowledge of bottomfish habitat use. 
Comparing Home Range Distance to BRFA Size 
Least cost home range estimates for P. filamentosus were compared to a metric of the linear 
habitat available within each of the 8 BRFAs. Since BRFAs include both preferred and non-
preferred habitat, we quantified a linear habitat dimension for each BRFA using the same depth-
constrained least-cost path algorithm that was used to calculate individual fish home ranges. For 
the 7 BRFAs located along slopes, a path was calculated between the two sides of the BRFA’s 
boundary intersecting bottomfish habitat using 50 m resolution bathymetry. The start and end 
points for each path were 120 m, the preferred depth of P. filamentosus. The East-West distance 
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across the rectangular area was used to define its linear habitat dimension of the BRFA 
containing depths exclusively within defined bottomfish habitat. 
Quantifying Movement Frequency and Site Fidelity 
Detections from fish on receiver fences were used to determine the proportion of time 
individuals spent within protected areas of the study site and the frequency of movements across 
reserve boundaries. A fish would move into the reserve when a tag was detected at a receiver 
outside of the reserve followed by a detection at a receiver inside the reserve and similarly a fish 
moved out of the reserve if it was detected first at a receiver inside the reserve followed by a 
receiver located outside. The fraction of time an individual was within the reserve was 
standardized by the total time that individual was tracked to calculate their proportional time of 
protection. The number of movements across reserve boundaries was then standardized by the 
track duration, defined as the number of days elapsed between the first and the final detection of 
a tag on the array during the analysis period to estimate the frequency at which they moved 
between protected and non-protected areas.  
Results  
Fish Capture and Tagging 
Between 9 January 2017 and 11 January 2018, 179 P. filamentosus were tagged and released 
within the Makapuu study area. One hundred twenty five of the 179 fish were also tagged with 
conventional dart tags. All fish tagged were larger than the 15 cm minimum size requirement. 
Tagged fish ranged in size from 34 to 76 cm (median = 45.5 cm, IQR: 41 - 53 cm). Tag IDs of 
168 fish were detected at least once on the receiver array between 26 June 2017 and 6 January 
2019. Sixty-eight of the detected tags were depth sensing and transmitted pressure data in 
addition to the unique ID.  
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 None of the fish held in the net pen showed symptoms of severe barotrauma, with all four 
individuals maintaining neutral buoyancy and proper orientation. Each swam away once the net 
pen was opened. However, between 2 and 5 sharks were observed in near proximity within 10 
minutes of each deployment of the pen.  
Categorizing Fish Status 
 Of the 168 tracks from tagged P. filamentosus detected on the array between 26 June 
2017 and 6 January 2019, 10 were classified valid, 35 classified as uncertain and 83 classified as 
dead. Tracks of 40 individuals with track durations less than 14 days were excluded from 
analysis and 11 tags were not detected on the array during the analysis period (Table 3.1). The 
classification algorithm initially assigned 30 tracks a valid status, however 20 of these tracks 
were reclassified post-facto with 12 tracks reclassified uncertain while 8 appeared dead. These 
tracks were reclassified due to faulty depth sensors, detection patterns that could be otherwise 
explained by a tag on the seafloor detected only under optimal acoustic conditions, or diurnal 
depth patterns that closely resemble those of the six-gill shark (Hexanchus griseus) (Comfort and 
Weng, 2014). The following analyses are for the 10 fish with valid tracks. Because the group of 
uncertain tags likely contained a mixture of tags from fish that are dead and alive, a less 
conservative analysis that includes these additional tracks is included as supplemental material to 
this manuscript.  
 Under the assumption that only the fish with valid tracks survived after tagging, the 
survivorship rate was 5.8%. Because some fish were tagged prior to the start of the study, track 
duration, defined as the time between each individual’s first and last detection on the array, was 
used to compare and standardize results between individuals. This is in contrast to time at liberty 
which would encompass the period from an individual’s tagging until it’s last detection but 
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Table 3.1. Status of Tagged Fish 
The number of tracks sorted by classification status as determined by the classification 




would be inappropriate for standardizing analysis results as it would also count days before the 
analysis period began. Valid tracks ranged in duration between 35 and 538 days (Median = 393 
days, IQR: 280 74 days) (Table 3.2). 
Testing for Size-selective Survivorship Bias 
The mean fork length of P. filamentosus with valid tracks (42.6 cm) fell within the 95% 
confidence interval from simulation data sampled without replacement (42.1 - 54.5 cm). 
However, the standard deviation (2.8 cm) did not fall within the 95% confidence interval from 
simulation data sampled without replacement (4.9 - 14.4 cm). This result indicates that the mean 
size of surviving fish was not significantly different than expected for a random subset of the 
total population, and the smallest and largest fish tagged were underrepresented in the data 
(Figure 3.3). 
Analysis Periods 
Receivers were recovered and downloaded twice, once mid-study and once at the end of the 
study, separating the analysis into two periods. All 10 fish with valid tracks were detected on the 
receiver array during the first of these periods with 8 fish appearing on the array during the 
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Table 3.2. Descriptive Metrics of Tagged Fish. 
Descriptive metrics of valid tracks from tagged opakapaka for analysis period 1 (P1) and 
period 2 (P2). 
  
 
second. During the first analysis period (26 June 2017 – 15 April 2018), two receiver stations 
from the fence sub-arrays were lost, station 323 (ranged depth: 325 m) and station 340 (ranged 
depth: 324 m) (Figure 3.1). Losing Station 323 truncated the northern fence so that the 25% 
minimum detection threshold extended to an estimated depth of 370 m rather than 400 m as 
planned. Losing Station 340 left a gap in the southern boundary fence inside the BRFA. The 
possibility that P. filamentosus could move into the BRFA through this gap undetected cannot be 
ruled out. During the second analysis period (6 May 2018 – 6 January 2019) three stations from 
the fence sub-arrays were lost (Figure 3.1). Stations 314 (ranged depth: 78 m) and 317 (ranged 
depth: 150 m) were part of the southern fence outside the BRFA. Station 340 (ranged depth: 331 
m), part of the southern fence inside the BRFA, once again broke free of its mooring and was 
recovered. The receiver’s logs indicated that it broke free of its mooring within three weeks of 
deployment. The gaps caused by these losses during the second period mean that during this 
time, it was possible for tagged individuals to move into and out of the BRFA undetected. 
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Figure 3.3. Fork Lengths for Tagged Fish.  
Orange bars show the distribution of fork lengths for tagged P. filamentosus with valid tracks 
and blue bars indicate all P. filamentosus tagged during the duration of the project. 
Simulation results show that the observed distribution mean of fork lengths for fish with 
tracks classified valid was within the range expected from the total population data, however 
the observed standard deviation of the distribution was smaller than would be expected if 
survivorship was random. 
 
Calculating Individual Home Range 
Estimates of linear home range distance for the first analysis period varied between 3.2 km and 
9.4 km. The median observed home range distance was 5.8 km (IQR: 3.2 - 8.1 km). Home 
ranges observed during the second analysis period were between 1.7 km and 8.12 km with a 
median length of 3.7 km (IQR: 2.4 - 6.0 km). Regardless of period, the median home range 
 78 
calculated for any fish during the study was 6.0 km (IQR: 5.5 - 8.1 km). Across the study, no fish 
was detected moving more than 9.4 km and the result of a t-test comparing the home ranges 
calculated for period one and two was not significant (P < 0.05) indicating that observations of 
home range size were consistent between both periods. 
Comparing Home Range Distance to BRFA Size 
The median linear habitat dimension of the BRFA network was 11.40 km (IQR: 8.32 - 16.02 km) 
(Figure 3.4). With the exception of BRFA-B, home ranges observed for P. filamentosus were 
less than the linear habitat dimension of the BRFAs (Figure 3.5).  
Quantifying Movement Frequency and Site Fidelity 
Tracked fish generally stayed within the protection of reserve boundaries. During the first 
analysis period, 5 of the 10 fish with valid tracks were detected crossing BRFA boundaries a 
combined 39 times. Site fidelity was high; on average, fish detected in this period spent 97.7% of 
their time within the BRFA (SD = 6.2%). For the fish that moved between protected and 
unprotected areas, the median number of total movements across BRFA boundaries was 6 
crossings/fish (IQR: 6 - 12 crossings/fish) over a track duration of 280 days (IQR: 230 - 293 
days). Standardized by track duration, the median number of movements into or out of the BRFA 
for the 5 fish was 0.043 crossings•day-1•fish-1 (IQR: 0.021 - 0.057 crossings•day-1•fish-1) 
equivalent to one crossing every 23.3 days. However individual rates were as high as 0.064 
crossings/day, equivalent to crossing once every 15.7 days.  
 Two of eight live fish detected during the second analysis period crossed the BRFA’s 
boundary a combined total of 130 times (74 times and 56 times) each over a track duration of 
245 days. On average, the 8 fish spent the majority of their time, 99.3% (SD = 6.2%), within the 




Figure 3.4. Maps of the 8 BRFAs Used to Calculate Their Linear Habitat Dimension. 
BRFA Boundaries correspond to the boundaries of each plot. The least cost path approach 
calculated the distance across the BRFA starting and ending at the 120 m contour. The blue 
highlighted area indicates the 100 – 400 m depth range used to constrain each path. The red 




Figure 3.5. Comparing Observed Ranges to BRFA Size. 
Comparison of the linear home range distances calculated for P. filamentosus (Valid tracks 
only) to the linear habitat dimensions of the 8 BRFAs. 
 
and 0.302 times per day respectively, corresponding to a crossing occurring every 4.4 and 3.3 
days.  
 Regardless of analysis period, the 10 fish were detected within the BRFA on 97.6% (SD 
= 6.2%) of days they were tracked. In total, 226 movements were detected between protected and 
non-protected areas made by 5 fish over a median track duration of 339 days (IQR: 186 - 453 
days). These fish moved across boundaries at a rate of 0.17 crossings•day-1•fish-1 (IQR: 0.03 - 
0.18 crossings•day-1•fish-1) or one crossing every 5.8 days. 
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Discussion 
In this study, P. filamentosus were monitored using acoustic telemetry to compare individual fish 
home range to the scale of Hawaii’s BRFAs. The observed linear home ranges of fish with valid 
tracks were similar to each other in magnitude and smaller than the linear habitat dimension of 
BRFA-E, where the fish were tracked. We were unable to detect any long-range movements of 
P. filamentosus because it is not possible to detect acoustic tags beyond the range of the 
detection array. However, our findings are supported by conventional tagging experiments for 
the species where the majority of fish (> 85%) were recaptured within 10 km of their tagging 
location (O'Malley, 2015; Uehara et al., 2019).  
 When broadening our comparison to include the 7 additional BRFAs, we found that the 
average home range for tagged P. filamentosus was smaller than the minimum linear habitat 
dimension for all but one BRFA. It should be noted that the small linear habitat estimated for 
BRFA-B, located off Niihau, is not representative of the total habitat within the area. Since the 
method used to quantify linear habitat uses the shortest path across the BRFA, it does not 
account for the large offshore pinnacle within this reserve (Figure 3.4). When a similar least-cost 
path is applied around the pinnacle, the linear habitat of this reserve increases to 9.17 km. 
 Our results are consistent with baited underwater camera studies suggesting that the 
BRFAs do provide protection for bottomfish (Sackett, Kelley, and Drazen, 2017). Our results are 
also in agreement with the aforementioned conventional tagging work that has been done in the 
region where the majority of fish were recaptured in close proximity to their tagging location 
(Kobayashi, 2008; O'Malley, 2015).  
 Movements of P. filamentosus with tracks deemed valid in this study are within the range 
of those reported for other snappers of family Lutjanidae, characterized by high rates of site 
fidelity and limited home ranges with rare movements over long distances. Tinhan et. al (2014) 
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reported Lutjanus argentiventris were detected within a 0.61 km2 fishery reserve in Baja 
California, Mexico on 49% ± 30% of days after they were tagged. In the Gulf of Mexico, 
Lutjanis campechanus were associated within 26.3 ± 35.4 m of artificial reefs (Piraino and 
Szedlmayer, 2014). In Hawaii, over 83.5% of tagged Lutjanus kasmira showed no discernable 
movement while 95% were recaptured within 150 m of their initial release location (Friedlander, 
Parrish, and DeFelice, 2002). Individuals of the Deep-7 species E. carbunculus and E. coruscans 
tracked relative to BRFA-B off the island of Niihau spent almost all of their time within the 
reserve and were detected moving at scales up to 8.9 km (Weng, 2013). Even larger ranges have 
been described for Aprion virescens, a bottomfish not included in the Deep-7 management unit, 
where individual movements up to 18 km have been reported (Meyer, Papastamatiou, and 
Holland, 2007). Movements of P. filamentosus deemed “alive” in this study fall between these 
reported ranges. Ranging experiments informed the 2.2 km movement criteria used to categorize 
fish status. Therefore, any tracks from surviving individuals with movement at smaller scales 
would have been classified “uncertain” and are included in a less conservative analysis described 
in the supplemental material. Note that movement for any such individual would still fall within 
the scale of protection offered by the BRFAs. 
 While genetic panmixia has been reported for P. filamentosus across the Hawaiian 
archipelago, there is growing evidence to support spatially structured approaches to management 
(Gaither et al., 2011). Panmixia can occur even through a limited exchange of larvae and adult 
individuals, but large-scale exchanges are required to support spatially distinct populations (S. 
Wright, 1931; Botsford, Micheli, and Hastings, 2003). Large-scale movements greater than 300 
km have been reported for tagged P. filamentosus but the conventional mark-recapture studies 
and the high degree of site fidelity observed here indicate that these movements are rare6 
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(Kobayashi, 2008). Furthermore, simulation models of larval dispersal across the archipelago 
indicate larvae is primarily retained in four self-sustained zones with only limited advection 
(Vaz, 2012).  
 Post-release survivorship estimates in this study were low, between 5.6 and 25.7% 
depending on the inclusion of tracks with uncertain status. The low survivorship rates in this 
study mirror those of conventional mark-recapture work where observed recapture rates for the 
species were 2.5%6, 12% (Kobayashi, 2008), and 8.7% (Uehara et al., 2019). Survivorship rates 
as high as 66.7% were reported for P. filamentosus tagged with acoustic transmitters in the 
Kahoolawe Island Reserve6, however survival was based on detection of the tag on at least one 
receiver and no further steps to ascertain survivorship were performed. In this study we applied a 
rigorous approach to determining the status of our fish. Using our classification algorithm 
approach, only 30.8% of P. filamentosus tagged in the Kahoolawe study had tracks exceeding 14 
days. When discussing these results with a co-author of this study, they indicated that tagged fish 
were evaluated at the surface upon release and those in poor condition were recaptured and their 
tag removed2.  
Mortality following tagging is a major challenge to study the movement of deep-water 
fishes (Edwards et al., 2019). The two major drivers of mortality in this study are thought to be 
barotrauma and predation. Deep-7 species are physoclystic, that is, the gas bladder is not open to 
the gastrointestinal tract, making them particularly susceptible to barotrauma injuries from 
expansion of the swim bladder during rapid ascent following hooking (DeMartini, Parrish, and 
 
2 Kelley, C. 2019, Personal Communications. Department of Oceanography, University of Hawaii, 1000 Pope Rd, Honolulu, HI, 
USA 96822 
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Ellis, 1996; Edwards et al., 2019). Severe injury may result in organ damage and death (Rogers, 
Lowe, and Fernández-Juricic, 2011). Methodological studies to mitigate barotrauma in deep-
water rock fish (genus: Sebastes) indicate that slow ascent rates, limited on-deck handling times, 
and rapid recompression improve survivorship outcomes (Parker et al., 2006; Jarvis and Lowe, 
2008; Rogers, Lowe, and Fernández-Juricic, 2011; Samuel J. Hochhalter and Reed, 2011; Pribyl 
et al., 2012). External symptoms of barotrauma observed during this project included esophageal 
eversion and exophthalmia due to swim bladder expansion. Rapid release of air and deflation of 
the body cavity while making the peritoneal incision was not uncommon and likely caused by 
rupturing of the swim bladder. Barotrauma can also lead to physical and behavioral impairment 
that can lead to subsequent predation (Rankin et al., 2017). 
Predation by sharks, jacks, and marine mammals was also a significant source of 
mortality. While fishing, a number of P. filamentosus were consumed partially or totally by 
predators during ascent. Detection records from 65 tagged fish show a series of rapid movements 
between receivers immediately after tagging followed by no further detections or persistent 
detection at a single receiver. This behavior is consistent with the tagged fish being inside the 
stomach of a predator with movement cessation occurring with expulsion of the tag. We suspect 
that palu, an attractant used to aggregate bottomfish, also attracted predators, and exacerbated the 
issue. Future studies would be wise to first consider how variation in tagging methods may offset 
mortality associated with tagging these and other deep living fishes. With such high rates of post-
release mortality, protocols that reliably improve survivorship for this species should be 
explored. 
 Acoustic telemetry has an established history for evaluating fishery reserve efficacy but 
application at greater depths in this study is relatively novel and presents a number of unique 
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challenges compared to studies in shallow water environments (Arnold and Dewar, 2001; 
Heupel, Semmens, and Hobday, 2006; Grothues, 2009; Farmer et al., 2013; Pedersen, Burgess, 
and Weng, 2014; Edwards et al., 2019). A considerable amount of array hardware associated 
with each receiver station was deployed over the duration of this study to operational depths 
exceeding those accessible by SCUBA. These additional requirements necessitated servicing of 
receiver stations from a suitably sized vessel and introduced additional points of uncertainty and 
failure for receiver stations. 
Close proximity detection interference (CPDI) is a factor that must be accounted for 
when deploying acoustic tracking arrays at depths exceeding 200 m (Scherrer et al 2018). Using 
a conservative model for predicting CPDI and a detection range of 847 m, we estimated that at 
20 m above the seafloor, CPDI effects could extend between 70 m and 451 m from the receiver 
depending on the receiver’s depth. This model assumed no energy was lost at the seafloor and 
sea surface interfaces and should be considered a “worst case scenario”. Given the nominal 
transmission rate of the tags used and assuming an average swimming speed of 1 body length per 
second, we do not believe CPDI affected our ability to detect the passage of tagged fish 
transiting through receiver fence sub-arrays. However, if tagged individuals spent extensive time 
near receivers, CPDI may have led to an underestimation of residency rates.  
The loss of several stations reduced the capacity of the array to monitor fish within and 
transiting into or out of the BRFA. Under the assumption of random walk behavior, theoretical 
detection rates were calculated using the Acoustic Web App corresponding to the recovered 
arrays from both periods. We estimate that receiver losses reduced the proportion of monitored 
habitat (100 – 400 m) within BRFA-E from the planned 27.0% to 23.2% during the first analysis 
period. During the first period, the loss of receiver stations 330 and 340 from fence sub-arrays 
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within the BRFA introduced the potential for undetected passage for individuals that transited 
into the BRFA, which would result in an underestimation of site fidelity within the BRFA. As 
observed site fidelity within the BRFA was quite high, it is unlikely that potentially undetected 
movements significantly alter the conclusions of this analysis. During the second analysis period, 
loss of stations 317 and 314 from the outer southern fence sub-array and station 340 from the 
interior southern fence sub-array create a path where fish could theoretically swim undetected 
between protected and non-protected waters. The loss of these stations means that detected 
movements between protected and non-protected regions may underestimate true movement 
frequency and site fidelity within the reserve during this period. 
Conclusion 
179 P. filamentosus were tagged and at least 10 were tracked moving around the bottomfish 
reserve area located off of Makapuu, Hawaii with track durations that averaged 418 days. High 
mortality was likely driven by a combination of barotrauma and predation. Eteline snappers are 
increasingly fished throughout the Indo-Pacific, such that more efforts are needed to monitor 
their movements. Therefore, a comprehensive study to determine methods for improving 
survivorship across all size classes should be explored prior to undertaking future tagging of 
deep-water demersal fishes. 
 Observed home ranges ranged between 1.7 and 9.4 km and were smaller than the shortest 
distance required to traverse all but one of the 8 BRFAs. During both analysis periods, tracked 
fish spent 80% or more of their time within the protected waters of the BRFA, and moved 
between protected and non-protected waters on average once every 23.3 days (5 of 10 tracked 
fish or once every 3.9 days (2 of 8 fish) depending on the tracking period. These results indicate 
that spatial protections at the spatial scale of Hawaii’s BRFAs are an appropriate conservation 
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Fishery reserves are a management tool that restrict fishing for particular species to provide 
refugia for fish conservation or assist with rebuilding overfished stocks. In 1998, a network of 
fishery reserves was implemented for the Hawaiian bottomfish fishery in response to an 
assessment that the stock was overfished. With an improved understanding of bottomfish habitat, 
these reserves were modified in size and number prior to the 2008 fishing year. At present, the 
stock has recovered; the stock is no longer overfished and no overfishing occurring but the 
contribution of the reserve network to the fishery’s recovery is poorly understood. Our goal was 
to quantify changes in effort, fisher participation, and catch that occurred within the fishery 
under various management periods and examine if these changes differed between areas with 
and without protected habitat. We also evaluated each reserve by quantifying changes in metrics 
of effort and harvest for each area before and after protection. Both catch and effort declined 
after reserves were implemented and revised and have since remained at similar levels. Effort 
and catch were disproportionately lower in reporting areas that contained protected habitat 
relative to adjacent unprotected areas, but the magnitude of their response differed depending on 
the total amount of habitat within a reporting area, the percentage that was protected, as well as 
the management period. While the mean individual’s median annual catch per trip rose with 
revision of the reserves, disproportionately fewer fish were harvested per trip by fishers from 




Fishery reserves are a popular tool for fishery managers to protect, rebuild, and enhance fish 
stocks. Mortality from fishing can act as a strong selector on a stock by truncating size and age 
structures. For heavily fished or overfished populations, lowering the fishing mortality rate by 
reducing effort can result in enhanced abundance and a greater number of larger older fish 
(Russell, 1931, 1942; Bellail et al., 2003; Rochet and Trenkel, 2003). Fishery reserves may 
benefit fishers directly when larger fish accumulate and spillover to adjacent fished areas or 
indirectly when the higher fecundity associated with older, larger female fish results in greater 
recruitment (Kikkawa, 1984; M.A. Hixon, Johnson, and Sogard, 2014). Fishery reserves can also 
protect a portion of a region’s fish stock, acting as insurance for managers against overfishing 
(Sale et al., 2005; Planes, Jones, and Thorrold, 2009). 
Successful fishery reserves balance biological, political, and socioeconomic factors to reach their 
desired outcomes (Lundquist and Granek, 2005). However, the design of fishery reserves can be 
ad-hoc, the result of political or social processes and, despite their popularity as a management 
option, biological considerations of the protected species may be neglected (Halpern, 2003). 
Also important but frequently overlooked is the impact of restricted access on the fishers that 
depend on these areas for profit or subsistence (Christie, 2004; Slijkerman and Tamis, 2015; 
Oyafuso, Leung, and Franklin, 2019). Reserves of insufficient size or placement may fail to 
adequately protect vulnerable fish populations while protection at scales too large may 
negatively impact fishers relying on these resources (Kramer and Chapman, 1999; Botsford, 
Micheli, and Hastings, 2003; O’Dor et al., 2004; Sale et al., 2005). Therefore, it is important that 
the effects of reserve areas on both the fish and fishery are evaluated. 
 A deepsea species complex of bottomfish made up of snappers, jacks, and one endemic 
grouper is the target of Hawaii’s second largest commercial fishery (CH Moore et al., 2013). The 
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fishery is managed in reference to seven species, referred to as the deep 7, using annual catch 
limits and a network of fishery reserves known as the bottomfish restricted fishing areas 
(BRFAs). Nineteen BRFAs were established to assist with rebuilding the overfished components 
of the bottomfish complex through localized reductions in fishing effort and associated mortality 
prior to the 1999 federal fishing year (FY) (Ikehara, 2006; Amendment 14 to the fishery 
management plan for bottomfish and seamount groundfish fisheries of the Western Pacific 
region, 2007). In 2006, the Pacific Islands Fishery Science Center determined that Main 
Hawaiian Islands bottomfish stock remained overfished (Moffitt, Kobayashi, and Dinardo, 
2006). In response, the fishery was temporarily closed and the BRFAs redesigned prior to the 
start of the 2008 FY using an improved definition of bottomfish habitat. This revised system 
reduced the total number of closed areas from 19 to 12 while protecting a greater amount of adult 
habitat which is strongly predicted by depth, slope, bottom hardness and rugosity (Table 4.1) 
(Parke, 2007; Oyafuso et al., 2017). Since 2010, stock assessments have indicated the fishery is 
no longer in an overfished state nor is overfishing occurring and thus has recovered (Brodziak et 
al., 2011; Brodziak, Yau, O’Malley, Andrews, Humphreys, DeMartini, et al., 2014a; Langseth et 
al., 2018). Answering fundamental questions regarding the long-term effects of the BRFA 
system on the bottomfish stock and fishing community is critical to evaluating the utility of these 
areas and informing the future management of the fishery.  
 Ecological effects of the BRFAs have been studied through baited camera and tagging 
experiments. Baited camera studies have indicated that the size and abundance of some 
bottomfish species increased in the BRFAs after they were revised (Sackett et al 2014) and that 




Table 4.1: BRFA Area and Habitat.  
The total area and amount of bottomfish habitat (km2) estimated for each BRFA during the 
implementation and revision management regimes. 
 
 
increasing distance from two of the BRFAs that strengthened over time (Sackett, Kelley, and 
Drazen, 2017). Additionally, tracking studies of key species components of the complex 
indicated that the current reserves are likely appropriate in scale to provide benefits to the fish 
(Weng, 2013, Scherrer & Weng, In Prep).  
 However, the BRFAs remain controversial amongst fishery participants. Many fishers 
view the reserves as ineffective and unnecessary in consideration of separate restrictions on the 
annual harvest (Hospital and Beavers, 2011). Fishers have also raised concerns that these areas 
have had the unintended consequences of reducing the number of participants in the fishery, 
limiting access to traditional fishing grounds, and cite safety concerns and economic hardships 
associated with traveling farther to fish unrestricted areas (Minutes of the 158th meeting of the 
Western Pacific Regional Fishery Management council, 2013).  
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 Beyond before-after-control-impact-pairs (Beyond BACIP) approaches are a powerful 
study design for assessing response to a disturbance or intervention (Osenberg et al., 1994; S R 
Palumbi, 2001; Russ, 2002; Gell and Roberts, 2003; Sale et al., 2005; Smith, Zhang, and 
Coleman, 2006; Miller and Russ, 2014). Beyond BACIP or Beyond BACIP-derived approaches 
test hypotheses regarding the effects of fishery reserves by examining proportional differences 
between pairs of affected (impacted) and unaffected (control) sites before and after changes in 
management strategy (Miller and Russ, 2014). These approaches accounts for explicit spatial 
relationships and are robust to temporal autocorrelation (Underwood, 1992). Beyond BACIP 
designs are frequently used to assess the policy effects of reserve areas on the size and 
abundance of fishes (Meyer, 2003; Lincoln-Smith et al., 2006; Francini-Filho and Moura, 2008; 
Mateos-Molina et al., 2014) and distribution of fishing effort (Smith, Zhang, and Coleman, 2006) 
associated with implementation and removal of reserve areas (Kulbicki et al., 2007).  
 However, the Beyond BACIP approach is insufficient for testing the effect of multiple 
interventions. We propose a modified design of the Beyond BACIP approach to quantify 
changes resulting from multiple interventions. This Multiple Intervention Before-After-Control-
Impact-Pairs design (MIBACIP) accommodates additional events while retaining the spatial and 
temporal benefits of the Beyond BACIP approach. The flexibility of this method also makes it 
possible to account changes with time and intrinsic differences between areas, such as habitat 
quantity, which have been previously identified as concerns with the standard framework 
(Pelletier et al., 2008; Thiault, Osenberg, and Claudet, 2017). We’ve applied this method to 
assess changes in the bottomfish fishery associated with the BRFAs, and to understand the 
relative contribution of these areas to patterns in overall effort distribution, fisher participation, 
individual effort allocation, total harvested biomass, and average landings per trip. Finally, we’ve 
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used this method to evaluate the relationship between redistributed effort and harvest for each 
individual reserve in the BRFA networks. 
Methods 
Commercial Fishing Data 
The State of Hawaii requires commercial fishermen to submit information on their catch in the 
form of individual trip reports to the Division of Aquatic Resources (DAR)(Hawaii 
Administrative Rules §13-74-20 - Commercial marine license, 1998). These records date back to 
the mid 1940s. The database contains an entry for each species landed on each trip along with 
pertinent information including the species landed, quantity of pieces and pounds caught, gear 
type used, the date fishing occurred, port of landing, the fisher’s commercial marine license 
number, and more. These reports are linked to the location where fishing occurred through the 
state’s statistical reporting grids (Figure 4.1). Access to this database was granted to researchers 
through a memorandum of understanding between DAR and the Hawaii Institute of Marine 
Biology with the stipulation that trip reports from reporting areas with 3 or fewer reported fishers 
in a given year were removed prior to analysis to maintain confidentiality. Trips where no catch 
was reported were also removed from the dataset because reporting these trips is not mandatory, 
and it is therefore unlikely that the zero-catch trips reported accurately reflect the frequency that 
these trips occur. 
Identifying Overall Changes in the Deep 7 Fishery 
Linear models were used to evaluate the total number of trips, total number of fishers, total 
number of pounds harvested, and the average pounds landed per trip reported for the commercial 
fishery over a 27-year period. For each hypothesis, the variable being tested (e.g.: number of 
fishers, pounds landed, etc.) was aggregated by fishing year (FY; September 1-August 31) and 
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Figure 4.1. Map Indicating the Boundaries of Hawaii’s Statistical Reporting Areas and 
Bottomfish Restricted Fishing Areas (BRFAs).  
Map of the Main Hawaiian Islands overlain with the state’s statistical reporting grids. The 
locations of the original 19 BRFAs (1999-2007 FY) are indicated by red polygons while the 







































































associated with a management regime. Management regime was specified as a factor with three 
levels, each corresponding to one of the three periods each consisting of 9 years of data. The 
“before” period referred to data from FY 1990-1998, prior to introduction of the BRFAs. The 
regime referred to as “implementation” covered the introduction of the initial 19 BRFAs in FY 
1999 through FY 2007. Finally, data from FY 2008 through FY 2016 coinciding with the 
restructure of the BRFAs into the 12-area configuration and was referred to as “revision”. 
Changes associated with each regime period were tested by comparing values from the before 
and revision regime periods to the implementation period. 
 This process was relatively straightforward for effort, participation, and total harvest 
hypotheses and more complicated for hypotheses of individual effort allocation and average 
landings per trip. When comparing the total annual trips, total annual fishers, and total pounds 
harvested annually the corresponding values in the data were summed by year, assigned to a 
regime, and modeled. When quantifying trends in individual effort, the number of trips each 
fisher reported was summed annually and then an annual mean was used to compare across all 
fishers. To quantify average catch per trip, the median pounds of bottomfish landed on each trip 
annually was determined for each fisher. The median value was used because it provided a 
robust indication of overall change in an individual’s catch over many trips, while the mean 
value, susceptible to outliers, could be skewed by just one or two trips where an individual’s 
catch was exceptionally high. To generalize across the fishery, the mean of the median annual 
landings for each fisher was then used to assess changes in landings per-trip. Henceforth, when 
we refer to average landings per trip we are referring to the mean of the median pounds landed 
per trip for each individual fisher annually. 
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Identifying Trends Between Protected and Unprotected Areas 
To investigate how spatial management policies may have contributed to overall changes in the 
fishery, we applied the MIBACIP analysis framework using the same commercial marine 
landings data to comparing reporting areas containing protected habitat to adjacent unprotected 
areas following implementation and revision of the BRFA system. To understand how this 
approach differed, it is helpful to first understand the Beyond BACIP framework.   
 Traditionally the Beyond BACIP framework identifies pairs of impacted and control 
areas. The data series is divided into a series of time steps and a delta value is calculated for each 
control-impact pair at each timestep. Delta values are defined as the difference in value of a 
metric of interest between an impacted area and its paired control areas. A statistical model is 
constructed to compare delta values before and after intervention. Absent any intervention, 
impacted and control areas change in similar ways in response to natural drivers of variability 
such as cohort recruitment, regional productivity, et cetera. If the relative trajectory of impacted 
and control areas differs following the intervention, this is manifest as a significant difference 
between the deltas of pre- and post-intervention periods (Underwood, 1992). The Progressive 
Changes BACIPs, proposed by Thiault et. al. (2017), expand on this framework to allow for an 
intervention to produce a delayed temporal response. 
 Several issues arise when applying these methods towards understanding changes to the 
bottomfish fishery. The largest is that not one, but two interventions have occurred 
(implementation and subsequent revision of the BRFA network). Second, there is mismatch 
between the boundaries of the BRFAs and the statistical grids used to report commercial 
landings. To resolve these issues, we’ve modified the linear progressive change BACIP approach 
to allow us to compare paired areas through time. The conventional approach to modeling the 
relative trajectory between areas pairs by calculating delta values across fixed time steps is 
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retained, but unlike the traditional framework, where the areas of each pair are assigned a fixed 
status of control or impact, individual reporting areas can change status depending on 
intervention period. Rather than comparing deltas after an intervention to those preceding it, we 
model the difference between deltas of each status and compare their trajectory relative to deltas 
calculated from area pairs without protected habitat. 
 The first step of applying the modified framework was to define the pairs of areas used to 
calculate each delta value. Area pairs consisted of a primary and comparison area selected from 
DAR’s statistical reporting grids and were analogous to impacted and control areas under the 
traditional BACIP approach. The primary area of each pair was an area that contained some 
amount of protected habitat under either management regime. An area pair was defined for each 
combination of primary area and each of its comparison areas, selected by identifying adjacent 
reporting areas from the same island group.  
 Delta values were calculated as the relative difference between primary and comparison 
areas compared to the average of these areas before reserves were implemented. This was 
















Where ∆78,9		represents is the delta calculated between the i
th of n primary areas (P) at timestep t 
and jth of m comparison areas defined for the ith primary area at the same timestep. Numeric 
coefficient 9 is the number of years in the data before reserves were implemented. Each delta 
was assigned a status based on the corresponding status of the primary and comparison area. 
Each individual area could have 1 of 3 statuses in a given year: 1. Control areas were those 
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reporting areas that did not contain and had not previously contained protected bottomfish 
habitat. 2. Impacted areas were areas that contained protected bottomfish habitat during the year 
for which the delta was calculated. These were further categorized as “implementation” and 
“revision” depending on the management regime. 3. Reopened areas were areas that were 
impacted during the implementation regime but no longer contained protected habitat after the 
BRFAs were revised. Deltas calculated for pairs where neither area contained protected habitat 
(control:control), where the primary area contained protected habitat but the comparison area did 
not (implementation:control, revision:control), and pairs where the primary area had contained 
protected habitat under the implementation regime but was reopened during the revision period 
and the comparison area never contained protected habitat (reopened:control) formed the basis 
for statistical modeling. 
 Inclusion of missing or zero data was dictated by each hypothesis. For total effort, fisher 
participation, and total harvest hypotheses analyzed at the fishery level, when one or more area 
of a delta pair was missing data, zero was substituted for the missing value. This corresponded to 
areas where no trips were taken, no harvest occurred etc. (in other words, these zeros reflected a 
real value). Deltas calculated from pairs where one or both areas lacked a value were omitted 
when comparing individual effort allocation and average landings per trip. For the former case, 
each fisher does not fish in every reporting area and therefore including zero data would 
substantially bias the mean trips to each area towards zero such that models would be 





 Delta values were modeled using the following structure: 
delta ~ status + time_protected_implementation + time_protected_revision + (1 | primary) + (1 | comparison) 
When fit to a single intervention, this model structure is functionally the same as a Progressive-
Change BACIP with a linear temporal component and retains the spatial and temporal benefits of 
the approach. As with this approach, we assumed that prior to intervention, all areas behave 
similarly, with the factor level control:control serving as the model’s intercept. The remaining 
factor levels of the status predictor were used to indicate if the relative trajectory of 
implementation:control, revision:control, and reopened:control deltas differed significantly under 
these conditions. The terms time_protected_implementation and time_protected_revision 
corresponded to the years a primary area was protected under implementation and revision 
periods, respectively and indicated if the trajectory of the associated deltas changed with time. 
When one or more of the time predictors was not significant, it was removed, and the model was 
refit. All modeling was performed in R using the function lmer from the package lmerTest (R 
Core Team, 2014; Kuznetsova, Brockhoff, and Christensen, 2017).  
Assessing Individual Reserves 
Finally, the performance of individual BRFAs within the network was assessed. This was 
accomplished by iteratively applying the MIBACIP method to only the area pairs associated with 
each individual reserve. While the pervious analysis sought to generalize the impacts of multiple 
interventions across the fishery, this approach charted the progression of individual areas.  Each 
reserve was evaluated by the displacement of total effort (number of trips) and harvest (harvested 
pounds) using deltas from control:control pairs and the corresponding impact:control pairs 
(implementation:control for the BRFA configuration during the implementation period and 
revision:control for the revision configuration). For a given BRFA, a positive shift in deltas 
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associated with an intervention indicated an increase in effort or catch across area pairs relative 
to the same pairs prior to protection, while negative values represented decreases in these 
metrics. Because these areas were evaluated individually, it was important to compare changes 
as both the percent deviation from the mean of the areas prior to protection, as was done 
previously, and by subtracting the raw value of each comparison area from the primary area. 
This distinction is important because, for example, a 50% reduction in fishers for an area that is 
seldom fished could be as little as two fewer fishers, but for a more popular area with 20 fishers, 
an equivalent reduction would require to a fivefold reduction in the number of fishers. 
Results 
In total, 155 area pairs were identified from 51 primary areas. Forty-five primary areas had three 
comparison areas, three primary areas had four comparison areas, and the remaining three 
primary areas had one, two, and five comparison areas. This produced a set of 2,547 deltas for 
the 27 years analyzed. Control:control area pairs accounted for 64.0% of all deltas, while 19.1% 
were from implementation:control pairs, 9.9% from revision:control pairs, and 7.1% of deltas 
were from reopened:control area pairs. 
Effort 
The management periods associated with the BRFA network corresponded to significant 
decreases in effort across the fishery. In the period following reserve implementation, the 
number of trips declined by 1,181.67 (Standard Error = ± 211.78) annually (p < 0.05). The 
multiple intervention BACIP model indicated significant differences in effort between reporting 
areas containing protected habitat and those that did not, with effort in areas containing protected 
habitat decreasing an additional 33.52% (± 8.05%) relative to pre-BRFA levels (p < 0.05). The 
time an area was protected during this regime period was also significant, as the difference 
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between protected areas and adjacent control areas narrowed, on an average, 3.11% (± 1.31%) 
each subsequent year.  
 After the BRFA system was revised, total effort was not significantly different from the 
preceding regime period (p < 0.10). Similar to the implementation period, the multiple 
intervention model indicated trips to areas containing protected habitat declined an additional 
33.50% (± 10.59%) relative to adjacent areas that remained open to fishing (p < 0.05). Time was 
again a significant factor, with the gap between these areas narrowing by approximately 4.21% 
(± 1.77%) annually (p < 0.05). Deltas calculated between areas that contained protected habitat 
during under the implementation management regime that were subsequently reopened to fishing 
and those that were never protected did not differ significantly from those calculated for areas 
where both were unrestricted (p < 0.05). The linear model describing general fishery trends had 
an R2 of 0.609 while the MIBACIP model had a marginal R2 of 0.003 and a conditional R2 of 
0.830 (Table 4.2, Figures 4.2A & 4.3A).  
Fisher Participation 
Fisher participation also decreased following implementation of the BRFA network. On average, 
109.88 (± 21.54) fewer fishers reported catching bottomfish following the introduction of the 
reserve network (p < 0.05). Comparing deltas calculated from reporting areas affected during this 
regime period and adjacent control areas to deltas calculated for area pairs where neither area 
was protected indicated the number of fishers in protected areas decreased an additional 28.32% 
(± 5.85%) relative to the period before the BRFAs were implemented (p < 0.05) but the time an 
area was protected during the implementation regime was a significant predictor, indicating that 
values from areas containing protected habitat and their unprotected neighbors grew more similar 
by 2.35% (± 0.87%) annually.  
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 There was some evidence that fisher participation increased following revision of the 
BRFA network. On average 40 (± 21.54) additional fishers reported catch annually during this 
time (p < 0.10). The number of fishers reporting catch in areas containing protected habitat 
relative to adjacent control areas was 23.52% (± 4.20%) less than areas pairs where neither area 
was protected (p < 0.05). During this regime, the trajectory of delta pairs calculated for these 
area pairs did not differ significantly with time (p > 0.10). Similarly, there were no significant 
differences between deltas for areas where the primary area was reopened and those from 
control:control pairs (p > 0.10). The linear model describing the fisher participation across the 
fishery had an adjusted R2 of 0.487 and the MIBACIP model had marginal and conditional R2 
values of 0.005 and 0.863 respectively. (Table 4.2, Figures 4.2B & 4.3B) 
Allocation of Individual Effort 
There was a decrease in the mean number of trips each fisher reported in the period following the 
implementation of the BRFA network. During this period the mean trips per fisher annually 
decreased by 0.663 (± 0.299) trips. There was no evidence to suggest a disproportionate decline 
of trips per fisher for reporting areas containing protected habitat relative to those without on the 
basis of a delta pair’s status, however with each subsequent year these areas were protected, the 
mean number of trips per fisher increased significantly by 3.32% (± 1.64%).  
 The mean number of annual trips per fisher further decreased after the BRFAs were 
revised. Following revision, fishers reported, on average, 0.799 (± 0.299) fewer annual trips. The 
number of trips per fisher to areas containing protected habitat relative to unprotected areas 
during this time did not immediately differ from the relative number of trips fishers reported to 
unprotected area pairs (p > 0.10), however the number of trips to protected areas relative to 
unprotected areas increased annually by 5.60% (± 2.26%) during this regime period indicating 
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progressively more trips to areas with protected habitat relative to control areas (p < 0.05). The 
adjusted R2 of the model describing the mean number of trips per fisher across the whole fishery 
was 0.459, while the MIBACIP model had a marginal R2 of 0.012 and a conditional R2 of 0.231 
(Table 4.2, Figures 4.2C & 4.3C). 
Harvested Biomass 
The annual biomass of deep 7 fishes harvested by the commercial fishery decreased after the 
BRFAs were implemented. On average, the annual number of pounds fishers reported landing 
fell by 91,065 pounds (± 22,196 pounds) during this period (p < 0.05). Deltas from pairs where 
the primary area contained protected habitat were significantly lower than pairs where neither 
area was protected. The difference between deltas calculated between implementation:control 
pairs and control:control pairs was -21.56% (± 6.43%)  indicating catch was redistributed away 
from areas with protected habitat (p < 0.05). There was not a significant relationship between the 
time these areas were protected and their delta values (p > 0.10). 
 The overall biomass harvested annually did not differ significantly after the BRFAs were 
revised compared to the implementation period (p > 0.10). However, once the areas were 
revised, the relative distribution in harvest further shifted from areas with protected habitat to 
those without, such that unprotected areas accounted for roughly twice of the catch of 
revision:control pairs (Est = -46.25% ± 7.91%, p < 0.05). Like the implementation period before, 
there was no significant relationship between deltas calculated for these pairs and the time the 
primary area was protected (p > 0.10). Catch in reporting areas that were reopened following the 
implementation period was also down 29.05% annually relative to their comparison areas 
compared to their control:control counterparts (p < 0.05). The adjusted R2 of the linear model 
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describing widespread changes in harvested biomass was 0.390. The marginal R2 of the 
MIBACIP model was 0.020 and the conditional R2 was 0.255 (Table 4.2, Figures 4.2D & 4.3D).  
Average Landings per Trip 
The average pounds landed per trip remained fairly consistent between management regimes. 
The mean of the median annual catch per fisher was unchanged between implementation and 
revision periods (p > 0.10). The relative trajectory of reporting areas containing protected habitat 
decreased an additional 15.12% (± 6.28%) relative to areas which did not contain protected 
habitat (p < 0.05).  
 There was marginal support suggesting that average landings per trip increased by 6.33 
pounds following revision of the BRFA network (p < 0.10). During this time, the average 
landings per trip differed significantly between areas containing protected habitat and 
unprotected areas. Deltas calculated for these areas indicated a relative decrease of 23.70% (± 
7.41%) in pounds landed per trip in the affected area compared to deltas with control:control 
status (p < 0.05). Furthermore, the discrepancy between areas that contained protected habitat 
that was reopened to fishing during the revision period was even greater, decreasing in these 
areas by 27.01% (± 9.60%) compared to adjacent areas that were never protected. Like the prior 
period, there was no significant relationship between the time areas that were protected, and the 
corresponding delta values calculated for those area pairs (p > 0.10). The Adjusted R2 of the 
linear model comparing the average landings per trip by management regime for the entire 
fishery was 0.194, while the marginal and conditional R2 of the MIBACIP model was 0.013 and 
0.241 respectively (Table 4.2, Figures 4.2E & 4.3E). Model summaries and diagnostic plots are 




Table 4.2. MBACIP Model Results. 
Parameter estimates and associated confidence intervals from delta (linear mixed effects 




Figure 4.2. Comparing Fishery Wide Trends for Each Hypothesis Across the Three 
Management Periods. 
Each plot shows the value of the response variable for each year between 1990 and 2016. The 
two red vertical dashed lines denote changes in management regime, before spatial 
management to initial implementation, and initial implementation to the revised network. 
Double asterixis above these lines indicate a significant difference between the two regimes (p 
< 0.05) while single asterixis indicate marginally significant differences (p < 0.10). 
Horizontal lines between each period denote the mean as well as two standard deviations 





Figure 4.3. Contrast Plots Created from Predictions of MIBACIP Models.  
Plots depict the difference in delta values between area pairs of different status. 
Control:Control areas are centered at zero such that area pairs that are lower indicate a 
decrease in the corresponding metric for the primary (impacted/affected) areas relative to 
adjacent control areas.  
 
Assessing Individual Reserves 
Comparing the raw values of the data, after the initial implementation of the BRFAs, 2 BRFAs 
had a persistent and significant change (p < 0.05) in effort relative to adjacent unprotected areas. 
These BRFAs were 17 and 18. Effort in area 20 increased after the reserves were implemented, 
initially there were fewer fishers in protected areas relative to adjacent reserves, but at the end of 
the regime period, the opposite was true. All of these areas were located around the island of 
Hawaii. Harvest in areas 17 and 20 did not significantly change when the reserves were 
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implemented, nor did harvest change with time. Harvest initially decreased in area 18 when the 
reserves were implemented but increased with time so that by the end of the implementation 
period there was no discernable difference from pre-implementation values. In areas containing 
BRFAs 1, 2, 4, 8, 9, 10, 11, 13, 16, and 19 total effort was persistently lower after 
implementation (p < 0.05) relative to the period before. Effort decreased significantly with time 
for areas 5 and 6. Of areas with significant negative effort displacement, there was an immediate, 
persistent, and significant decrease in harvested biomass from areas making up BRFAs 2 and 10 
(p < 0.05). Relative harvest increased with time for areas making up BRFAs 1 and 16, decreased 
significantly (p < 0.05) for areas 4, 8, and 11, and decreased marginally (p < 0.10) for area 9. 
There was a significant increase (p < 0.05) in the number of pieces harvested for BRFA 12 and a 
marginally significant (p < 0.10) increase in the number of pieces harvested with time for BRFA 
7, but no change in effort was detected (p > 0.10). No significant changes in harvest or effort 
were detected for area 14 (p > 0.10). Results were largely consistent between those obtained 
modeling raw values and those from a percent change-based method. Harvested biomass was no 
longer significantly different from the period before implementation for BRFA 10 (p > 0.10). 
While the quadrat relationship between the relative displacement of biomass and effort remained 
the same between periods, the position within each quadrat differed using this metric (Figure 
4.4A & 4.4C) 
 Under the revised BRFA scheme, comparing models fit using raw values, effort only 
changed in areas making up BRFA L following reserve establishment, and this change was 
persistent (p < 0.05) while effort decreased significantly and was persistent in areas containing 
BRFAs A, B, D, F, and K (p < 0.05). Effort increased significantly with time for areas making 
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Figure 4.4. Relative Displacement of Individual BRFAs Under Each Management Period. 
Comparing relative displacement, measured by delta, of the total number of trips (y-axis) and 
total number of pounds harvested (x-axis) for the BRFAs during both periods of spatial 
management relative to estimates before each area was protected. Each BRFA’s number or 
letter corresponds to the location of the associated parameter estimates while bars provide 
the standard error associated with each. Negative values indicate areas where effort and/or 
harvest decreased in reporting areas containing protected habitat relative to adjacent 
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unprotected areas following establishment of the corresponding BRFA. When time was a 
significant predictor, the trajectory of parameter estimates  is indicated by the dashed line 
which connects the position of parameter estimates at the beginning of the regime period (as 
indicated by a circle) and the position at end of the regime period (indicated by the area’s ID 
and associated parameter error bars). The left column compares individual reserves during 
the implementation regime and the right column compares reserves during revision. The top 
row compares deltas using the percent change in an area relative to the areas before reserves 
were implemented while the bottom row compares delta values using raw, unstandardized, 
values. 
 
up BRFAs H, and J relative to adjacent unprotected areas and decreased in areas making up 
BRFA C (p < 0.05). There was a significant and persistent decrease in areas making up F and J 
while catch in areas making up BRFAs B and E increased significantly with time (p < 0.05) and 
decreased significantly for areas making up BRFA C (p < 0.05). When the percent relative to 
before the BRFAs were implemented approach was used, areas again rearranged. Notably, the 
magnitude of displacement for BRFA F shifted, such that while a large number of trips were 
displaced, they accounted for only a small fraction of the percentage of overall trips in that area. 
Conversely, BRFA A experienced the opposite effect. Most of the relative relationships between 
BRFA areas were preserved when comparing displaced harvest, though BRFA E shifted places 
with J, indicating a greater displacement biomass in that area as calculated by a relative percent 
change (Figure 4.4B, 4.4D).  
Discussion 
The use of fishery reserves as a tool for managing fisheries, and efforts to study and quantify the 
effects of these areas, have only grown in the decades since Hawaii introduced the BRFAs. The 
most robust method for analyzing the effect of these areas on the dynamics of fisheries and 
ecosystems are methods derived from the Beyond BACIP design (Miller and Russ, 2014). 
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However, these methods have been limited to detecting the effect of a single intervention. Here 
we’ve proposed the MIBACIP design capable of accommodating such an analysis. Like 
Progressive Change BACIPs, MIBACIP also incorporates the effect of time and can control for 
heterogeneity through the incorporation of random effects. Both of these features are important 
considerations when comparing biological responses in spatially distinct areas (Pelletier et al., 
2008; Miller and Russ, 2014; Thiault, Osenberg, and Claudet, 2017).  
 Applying this framework to commercial fishing data from Hawaii’s deep 7 bottomfish 
fishery, we were able to assess changes in effort, fisher participation, mean trips per fisher, total 
harvest, and average landings per trip coinciding with two configurations of a fishery reserve 
network. Our results indicated disproportionate decreases in total effort, participation, and 
harvest between areas of the fishery containing protected habitat and those that did not while the 
average number of pounds landed per trip and number of trips per fisher were more variable. 
Beyond BACIP methods are often used to assess the ecological effects of fishery reserves on fish 
stocks, however application of these tools to quantify changes in fishery effort and fleet 
dynamics has received considerably less attention (Horta e Costa, Gonçalves, and Gonçalves, 
2013; Rife et al., 2013; Stevenson, Portland, and Tissot, 2013; Abbot and Haynie, 2015; Batista 
et al., 2015). This study joins a growing body of work applying these methods to quantify the 
degree to which fishery reserves displace fishing activities.  
 Following the introduction of the BRFAs as a management strategy, overall effort 
(number of trips) declined significantly because there were significantly fewer fishers 
participating in the fishery, and significantly fewer trips made by each fisher, on average (Figure 
4.2A-C). There were disproportionate decreases in effort and fisher participation in areas 
containing protected habitat, but evidence that the proportion of trips by the mean individual 
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changed was less compelling. This suggests that rather than adapting their fishing patterns, 
affected fishers left the fishery when their preferred fishing grounds were closed and this 
decrease in these fishers contributed to the changes observed in total effort. Discrepancies in the 
number pounds harvested per trip between areas containing protected habitat and those that did 
not persisted even when reserves were removed, perhaps suggesting the cultural knowledge of 
the most productive fishing grounds within the closed areas was lost when fishers left the fishery. 
 While the revision period saw a slight uptick in the number of total fishers, these results 
are potentially confounded by management decisions coinciding with BRFA revision. In 2008 
the regional management council introduced a 5 piece recreational bag limit among other 
changes to incentivize recreational fishers to obtain commercial licenses (Fisheries in the 
Western Pacific; bottomfish and seamount groundfish fisheries; management measures in the 
Main Hawaiian Islands, 2008). At the time, recreational fishers are believed to have 
outnumbered commercial fishers approximately 2.1 to 1 but the number of recreational fishers 
that transitioned to the commercial fishery as a result of these changes is unknown because there 
were no licensing or reporting requirements for recreational fishers (Zeller et al., 2008). 
 Changes in individual fisher catch were not standardized with time in this analysis. This 
metric is analogous to catch-per-unit-effort (CPUE), used for stock assessment purposes in this 
fishery, however caution should be exercised when fishery dependent CPUE data is used to 
analyze policy effects on stock abundance without first accounting for increased catchability 
(Smith, Zhang, and Coleman, 2006). The widespread availability and adoption of GPS plotters, 
fish finders, and other technologies over the last three decades have dramatically increased the 
ability of fishers to seek out productive fishing grounds and precisely target aggregations of fish 
(Moffitt et al., 2011). CPUE standardization is accounted for in stock assessment models for this 
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fishery and these assessments are therefore a better indicator of abundance while the models here 
reflect the actual harvest by fishers during the period analyzed, decoupled from abundance 
(Brodziak, Moffitt, and DiNardo, 2009). This distinction may reflect why we did not find 
increases in individual fisher catch for reporting areas containing protected areas and support 
claims that relocated fishers were less productive. This could also explain why our fishery results 
differ from Sackett et al (2017) who showed positive ecological relationships between BRFA 
proximity and size and abundance of fish using fishery independent survey data.  
 In general, patterns of effort and harvest were positively correlated. After revision of the 
BRFA system, the total number of pounds harvested did not differ significantly from the 
implementation period but there was a marginally significant increase in the number of pieces 
harvested. This decoupling between pieces and pounds harvested likely reflects changes in size 
structure, shifts in the composition of the harvest, or both. The catch of all seven species declined 
following implementation of the BRFAs (Figure 4.5A), however during revision, there was a 
relative decrease in Etelis coruscans caught compared to Pristipomoides filamentosus (Figure 
4.5B). P. filamentosus and E. coruscans account for roughly 2/3 of bottomfish harvested by the 
commercial fleet. Using the reported weight and number of pieces reported each trip as a proxy 
for average individual size, E. coruscans were 1.2 pounds heavier than P. filamentosus (5.4 vs. 
4.2 pounds respectively). This difference likely explains some of the discrepancy between the 
number of pounds and pieces caught per trip. 
 Individual assessment of the revised BRFAs is critical at a time where the role of the 
BRFAs are in question. Four of the 12 revised BRFAs will open preceding the 2020 FY, 
including BRFAs C, F, J, and L (https://dlnr.hawaii.gov/wp-content/uploads/2019/01/F-1.pdf). 
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Figure 4.5.  Catch Composition by Management Regime  
Deep 7 catch as reflected in (A) the total number of pieces harvested by management period 
and (B) the relative contribution of each species to the total harvest.  
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Of these areas, catch was observed declining in BRFAs F and J and effort declined in F, J and C. 
Continued assessment of these areas to understand how effort and catch redistribute once 
reserves are removed should be a key consideration in determining the future of spatial 
management for the fishery. 
 Despite our efforts to understand the effect of these areas, our interpretations are limited 
by the source, resolution, and quality of the available data. Ecological outcomes of fishery 
reserves include enhanced larval output and increased spillover and are expected to accrue with 
time following a change in fishing mortality (Halpern, 2003; Smith, Zhang, and Coleman, 2006). 
Testing for these ecological outcomes requires observations of larval and adult fish, respectively. 
Inferences into these processes from fishery dependent catch data like that used here may not 
reflect biological realities (Smith, Zhang, and Coleman, 2006; Erisman et al., 2011). So, while 
we can understand how the dynamics of the commercial fishery has changed, we are unable to 
directly assess changes in the stock. Furthermore, while we used random effects in our models to 
account heterogeneity between reporting areas, the spatial mismatch of reserves and reporting 
areas and the potential misreporting of reporting areas where fishing took place increases the 
uncertainty associated with these results. Finally, a survey of fishers indicated that some fishers 
may underreport catch and misreport reporting area (Hospital and Beavers, 2011). We have 
assumed that these issues are negligible. Ultimately, however, the relationship between the 
models presented here, and the in-situ dynamics of the fishery can only be as accurate as the data 
that links the two, and ecological and fishery perspectives are required to fully assess the impacts 
of these areas. 
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Conclusion 
In this study, we proposed a method for expanding the utility of Beyond BACIP studies to 
quantify multiple interventions. This was applied to commercial landings data reported to the 
State of Hawaii to model trends in effort and catch across and within the deep 7 bottomfish 
fishery associated with changes in management policy. There was a significant decrease in 
fishing effort driven by fewer fishers and fewer overall trips following the implementation of 
reserve areas with the greater decreases in effort occurring in areas where protections were 
enacted. Harvested biomass also decreased following the implementation of reserve areas. While 
there was an increase in the average landings per trip following revision of the BRFAs, fishers 
reporting catch in areas containing protected habitat were negatively affected suggesting they 
were displaced to less productive grounds. However, processes associated with fishery 
productivity, poor spatial resolution, and other factors make it difficult to be conclusive about the 
effect these areas have had. If fishery reserves will continue to be used as a management tool in 
this fishery, it is essential for managers to consider ways to improve the spatial resolution of data 
reported by the fishers.  
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CHAPTER 5: COMPARING AGE AND GROWTH ESTIMATES 
FROM BAYESIAN AND INTEGRATIVE DATA APPROACHES 
FOR THE DEEP-WATER SNAPPER PRISTIPOMOIDES 
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Abstract 
Pristipomoides filamentosus is an economically and culturally important species of deep-water 
snapper in the Hawaiian archipelago. From 1989 to 1993, the State of Hawaii initiated a fisher 
participation mark-recapture study to quantify growth and other life history parameters for the 
species. Over a span of approximately 10 years, 10.5% of 4,179 tagged fish were recaptured. We 
compared Bayesian and maximum likelihood approaches to estimate von Bertalanffy growth 
parameters from the tagging data. In addition, direct aging and length frequency data previously 
used in other published regional growth studies were incorporated to produce integrated 
estimates of growth. Results from our preferred integrated model reconcile 30+ years of effort 
from various methods to estimate growth parameters (𝐿J = 67.6 cm FL and K = 0.22) and 
demonstrate the importance of individual variability in P. filamentosus due primarily to the 
asymptotic length parameter 𝐿J. These results have management implications as growth is often 




Pristipomoides filamentosus (Valenciennes, 1830) is a species of long-lived deep-water snapper 
distributed throughout the tropical Pacific and Indian Oceans (Allen, 1985; Andrews et al., 
2012). Known as opakapaka in Hawaii, the species constitutes a significant fraction of the 
Hawaiian commercial bottomfish fishery, a complex of 6 snapper and 1 grouper species (Ralston 
and Polovina 1982, Langseth et al. 2018). While the current stock assessment for this fishery 
used a surplus production model for the entire complex, there is interest in the potential use of 
species-specific, age-structured assessments that require improved life history studies of age and 
growth of bottomfish (Langseth et al., 2018). 
Growth parameters have been estimated for P. filamentosus using a variety of methods in 
Hawaii and elsewhere (Table 5.1). Parameter estimates were determined using direct aging 
approaches from length-at-age data using otolith growth increments (Ralston & Miyamoto, 1983; 
Uchiyama & Tagami, 1984; Radtke, 1987; DeMartini, Landgraf & Ralston, 1994, Ralston & 
Williams, 1988). However, age estimates relying on the integration of daily otolith bands may be 
biased due to episodic growth and/or poor increment resolution in early (< 5 years) life stages 
(Andrews et al., 2012; Wakefield et al., 2017). Growth was also estimated using modal 
progression approach during a length frequency study targeting juvenile fish (< 2 years) but did 
not consider individual variability when extrapolating growth to larger size classes (Moffitt and 
Parrish, 1996b). Preliminary results of an ongoing tagging study have been limited by the size 
distribution of recaptured individuals and use model parameterizations incompatible with other 
methods for determining growth (O’Malley, 2015). While these studies produced individual 
estimates of growth parameters, none of them holistically integrated across the three classes of 
data (direct aging, modal progression, growth increment) to explicitly evaluate the parameter 
values and sources of uncertainty.   
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Analytical and statistical advances to methods for estimating growth have been 
developed to account for sources of variability and permit parameter comparisons across length-
at-age, length frequency, and tagging based approaches (Francis, 1988; Wang, Thomas, and 
Somers, 1995; Eveson, Laslett, and Polacheck, 2004). Structural modifications to Fabens (1965) 
parameterization of the von Bertalanffy growth model address issues of compatibility between 
growth parameters estimated from tagging studies and other methods, and can reduce bias 
through the accommodation of modest measurement errors (Maller and Deboer 1988, James 
1991, Palmer et al. 1991, Laslett et al. 2002, Eveson et al. 2004, 2007, Zhang et al. 2009). 
Maximum likelihood and Bayesian model fitting procedures accommodate individual growth 
variability by describing population parameters using probability distributions (Francis, 1988; 
Kimura, Shimada, and Lowe, 1993; Wang, Thomas, and Somers, 1995; Zhang, Lessard, and 
Campbell, 2009). The flexibility of Bayesian approaches allows 𝐾 and 𝐿Jto be sampled in this 
manner and can account for prior information when estimating parameters. Maximum likelihood 
approaches typically treat 𝐾 as a fixed effect but flexibility in their implementation has allowed 
for the development of model structures that can estimate a single set of growth parameters from 
direct aging, length frequency, and growth increment data simultaneously (Wang, Thomas, and 
Somers, 1995; Laslett, Eveson, and Polacheck, 2002; Eveson, Laslett, and Polacheck, 2004; 
Zhang, Lessard, and Campbell, 2009). 
Here previously unreported tagging data collected in the main Hawaiian Islands (MHI) 
are used to estimate growth parameters for P. filamentosus using Bayesian and maximum 
likelihood procedures. A series of models integrating previous length-at-age and length 
frequency data collected from the MHI and Northwestern Hawaiian Islands (NWHI) with the 
tagging data are developed to describe growth across most of the species’ life history. Models are 
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Table 5.1. Estimates of von Bertalanffy Parameters.  
Estimated parameters include average asymptotic length (𝐿J) the Brody growth coefficient 
(k), and theoretical age at length zero t0 for P. filamentosus estimated in the Main Hawaiian 
Islands (MHI), Northwestern Hawaiian Islands (NWHI) and pooled across the Hawaii 
Archipelago. When available in the literature, 95% confidence intervals for parameter 




tested to determine a preferred model structure. New growth parameters are estimated and 
compared to those previously reported for the Hawaiian Archipelago. 
Methods 
Opakapaka Tagging Program  
Tagging data used for this analysis were obtained by biologists from Hawaii’s Division of 
Aquatic Resources (DAR) within the state’s Department of Land and Natural Resources 
(DLNR). Between 1989 and 1993 the Opakapaka Tagging Program (OTP), led by staff biologist 
Henry Okamoto and operating from fishing vessels contracted out of Honolulu Harbor, targeted 
and tagged P. filamentosus.  
 All tagging effort occurred in the main Hawaiian Islands (MHI) and was concentrated 
primarily around the island of Oahu and the Maui Nui complex consisting of the islands of Maui, 
Molokai, Lanai and Kahoolawe. Since 1990, these areas have accounted for approximately 
67.7% of Hawaii’s commercial bottomfish harvest. Coarse location data were provided in the 
form of the commercial statistical reporting grid areas in which individuals were tagged and 
recaptured (Table 5.2, Figure 5.1). Less than 1% of fish in this study were tagged off the islands 
of Niihau or Hawaii (Big Island). Adult bottomfish occupy depths between 100 and 400 m along 
undersea shelves and banks (Parke 2007, Oyafuso et al. 2017). In total, the OTP tagged 4,179 
juvenile and adult P. filamentosus. 
 Fish were caught with hook-and-line gear and brought to the surface at a rate of 2 - 5 feet 
per second. Prior to tagging, each fish was placed in a holding container with aerated seawater to 
ascertain survival likelihood. If the stomach was inverted and full of gas, it was punctured using 
a small sharp instrument (e.g., scalpel, hypodermic needle, fishhook). A few scales were 
carefully removed and a small (~1 cm) incision was made near the fish’s anal opening to assist in 
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Table 5.2. Summary of OTP Tagging and Recapture Data for Fish with Valid Locations.  
Release and recapture location numbers correspond to the State of Hawaii’s statistical 
reporting grids (Figure 5.1). Adapted from Kobayashi, Okamoto & Oishi (2008). 
 
 
expelling gas from the body cavity. Fish appearing lively and upright were deemed likely to 
survive and thus suitable candidates for tagging. These fish were surgically implanted with 
unique identifiable internal anchor tags with a monofilament streamer protruding from the 
incision in the peritoneal cavity. The fork length of each fish measured to the nearest ¼ inch was 
recorded before the fish was returned headfirst to sea with enough downward momentum to 
assist in counteracting buoyancy caused by any residual gas.  
 There were 487 recaptures recorded for 439 unique individuals for a recapture rate of 
10.5% of tagged fish. Recaptures of marked P. filamentosus were reported up to a decade after 
tagging with the most recent fish reported in October of 2003 (Okamoto, 1993; Kobayashi, 
Okamoto, and Oishi, 2008). Individuals recaptured by OTP personnel were outfitted with an 
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additional tag following procedures similar to their initial capture. For each individual, the 
location of capture (DAR statistical reporting grid), length at tagging, and date of capture were 
recorded. Local commercial and recreational fishers were made aware of the program through 
fliers distributed at the local fish markets, to fish dealers, at fishing supply outlets, and posted at 
small boat harbors. Fishers were incentivized to report the location, depth, fork length, and date 
that tagged fish were landed with a $10 reward.  
Tagging Data Management 
The data collected by OTP were entered into an Excel spreadsheet with subsequent analyses 
performed in R (R Core Team, 2014), the Bayesian statistical software JAGS (Plummer, 2003), 
and the R package R2Jags (Su and Yajima, 2012). Fish were removed from the dataset if they 
were not the correct species of interest, if no recapture was reported, or if there was no record of 
the tag identification number. Fork lengths for the remaining fish recorded at tagging and 
recapture were linearly transformed from inches to centimeters prior to model fitting. Observed 
growth (Δ𝑙) and time at liberty (Δ𝑡) were calculated for each fish. If an individual was recaptured 
on more than one occasion, Δ𝑙 and Δ𝑡 were only calculated between the first marking event and 
the last recapture so as to not violate assumptions of independence. Fish with Δ𝑡 less than 60 
days were excluded from the dataset.  
Parameter Estimation from Tagging Data: Bayesian Approach  
Growth parameters were estimated for the P. filamentosus tagging data following the Bayesian 




Figure 5.1. Reporting Grid Map. 
Map showing the location and number of the State of Hawaii’s statistical reporting grids 
corresponding to the reported location of tagging and recaptured for fish summarized in 
Table 5.2. 
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growth curve but allows the parameters to vary among individuals. Hence the length upon 
recapture is expressed as: 
	(𝐸1)		𝐿7,H = 	 𝐿J,7(1 − 𝑒)QRS"RT9R,8U) 
This is parameterized such that 𝐿7,H is the length of individual i for the jth recapture, 𝑡7,H is the 
time-at-liberty for individual i for the jth recapture, 𝐴7 is the relative age of individual i at 
tagging (age minus 𝑇E), and 𝐾7 and 𝐿J,7 are the von Bertalanffy growth parameters for the ith 
individual. These individual parameters were drawn from Gaussian distributions defining the 
population mean values for 𝐾 and 𝐿J. Uninformative priors were used for all input parameters, 
using Gaussian, gamma, beta, and uniform distributions following the approach of Zhang et al. 
(2009). The JAGS code for specifying these parameters and performing this analysis is provided 
in Appendix 5.1. 
 The model which allowed both the 𝐾 parameter and 𝐿J parameter to vary across 
individuals as described above is henceforth referred to as Model 1. Three additional models 
were run in modified versions of the JAGS code. Model 2 used a fixed 𝐾 parameter while 
allowing the 𝐿J parameter to vary across individuals. Model 3 used a fixed 𝐿J parameter while 
allowing the 𝐾 parameter to vary across individuals. Lastly, Model 4 used both a fixed 𝐾 
parameter and a fixed 𝐿J parameter. The term “fixed” in this context does not imply a user-
specified constant value, but instead refers to the value that is estimated by the Bayesian 
modeling approach from a single distribution used to represent the mean growth process across 
all individuals. Model 4 would a priori be most similar to the Fabens approach, with both fixed 
𝐾 and 𝐿J, but with the added feature of estimating ages at initial tagging, 𝐴7, within the 
Bayesian framework. Inclusion of the 𝐴7 term represents a significant improvement over prior 
methods by modeling growth as a function of age, rather than observed length, allowing growth 
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parameters to be compared between models using tagging data and length-at-age methods 
(Wang, Thomas, and Somers, 1995). Model 1 is the presumptive best estimate for P. 
filamentosus von Bertalanffy growth curve parameters since it would allow the most flexible 
incorporation of individual variability in the parameter estimation process. 
 For each Bayesian hierarchical model run, the first 150,000 samples from the posterior 
distribution were treated as burn-in and discarded from the Monte Carlo simulation. Every 50th 
sample from the following 1,400,000 samples (number kept = 28,000) was tabulated into the 
posterior distributions to reduce potential autocorrelation between sequential values or strings of 
values. The mean 𝐾 and 𝐿J values from the 28,000 kept samples were used as metrics of 
population mean values. Median values deviated from mean values by less than one half of 1 
percent (Table 5.3), indicative of symmetrical distributions easily characterized by any descriptor 
of value tendency (i.e., mean, median, or mode). The results from the Fabens (1965) approach fit 
using non-linear least squares provided estimates of 𝐾 and 𝐿J (Table 5.1) were used as initial 
starting points in the Bayesian hierarchical approach. Two additional chains were run starting 
with initial values 50% lower and 100% higher than the initial estimates which resulted in nearly 
identical solutions as shown in Table 5.3. Convergence was also ascertained by examination of 
the Gelman-Rubin statistic (Gelman and Rubin, 1992).   
 The fit of each model was assessed by calculating its Bayesian p-value from the posterior 
predictive distribution and the models were compared using the DIC criterion. Bayesian p-values 
were derived from data simulated by model parameters and test whether simulated data are more 
extreme than the observed data. Bayesian P-values approaching 0.5 indicate the model is a good 
fit to the data, while extreme Bayesian p-values near 0 or 1 indicate that a given model does not 
adequately represent the data (Meng, 1994). Comparisons among models 1-4 were accomplished 
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by comparing parameter estimates to model 1 where both 𝐾 and 𝐿J varied for individuals. If the 
parameter was relatively stable when allowed to be variable across individuals or fixed for the 
population, it might be inferred that treating this parameter on an individual basis is not 
warranted.  However, if the parameter increased when the parameter distribution was fixed for 
the entire population, then it might be inferred that treating this parameter on an individual basis 
is necessary. Additional model comparisons were made using DIC. 
Parameter Estimation from Tagging Data: Maximum Likelihood Approach 
Model 5 was fit using the maximum likelihood approach of Laslett, Everson, and Polacheck 
(2002) using Equation 2.  
(𝐸2)				𝑙7H = 𝜇JS1 − 𝑒)Q(ZRT	∆9R)U + 𝜀7H	 
This method derived growth parameters from the joint distribution of an individual’s length at 
tagging and recapture to estimate growth parameters. This approach was most similar to model 2 
of the Bayesian approach in that asymptotic length, 𝐿J, was treated as a normal random effect 
𝑁(𝜇J, 𝜎J_ )	while 𝐾 was treated as a fixed unknown parameter. The distribution of 𝐿J was 
treated as normal with a mean 𝜇J and standard deviation 𝜎J_ , accounting for individual deviation 
from the population mean. Rather than using length increments to fit observed growth, a 
bivariate normal joint distribution of lengths recorded at marking and recapture was used to 
estimate each individual’s age at tagging 𝑎7. The distribution of individual 𝑎7s is 𝐴 and is treated 
as a random effect with a lognormal distribution 𝐿(𝜇,-.", 𝜎,-."_ ). Measurement error was also 
treated as a random normal distribution 𝑁(0, 𝜎_). An unconditional joint density was then 
derived for each individual by integrating their individual joint distribution with respect to 𝑎. A 
detailed description of this process is described by Laslett et. al. (2002). 
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Growth function parameters were estimated through minimizing of the negative log-likelihood 
function obtained by summing the unconditional joint density h(𝑙*	, 𝑙_) of each individual (E3).  
(𝐸3)	−ln	(λ*) = −	f ln	 hS𝑙I,7	, 𝑙#,7U
7
 
This approach was used to estimate values of the parameters 𝜇J, 𝜎J_ , 𝐾, 𝜇ghi", 𝜎,-."_ , and 𝜎_. 
Two-sided 95% confidence intervals (2.5%, Median, 97.5%) were then estimated from the 
distribution of each parameter following 10,000 successful bootstrap iterations to obtain 
population parameters. For each bootstrap iteration, the model was refit on data randomly 
resampled from the original tagging data with replacement.  
Estimation of Integrative Growth Parameters using sources of growth data 
Datasets previously used to estimate regional growth for P. filamentosus in the MHI and NWHI 
and our tagging data exclusively from the MHI were used to produce a single set of parameter 
estimates using a modified form of the integrated method proposed by Eveson, Laslett, and 
Polachek (2004). Additional datasets that were included represent both direct aging and length 
frequency approaches. 
Parameter Estimation: Length Frequency Data 
Length frequency data consisted of the size distributions of juvenile P. filamentosus sampled 
over 13 months between October 1989 and February 1991 reported by Moffitt and Parrish 
(1996). The reported fork length of captured fish was binned by 1 cm increments and presented 
in 13 histograms corresponding to each month of sampling. The number of fish of a given fork 
length captured during each month of sampling was determined by overlaying a series of evenly 
spaced horizontal lines across the Y-axis of each histogram corresponding to the addition of a 
single fish. Using this method to reconstruct monthly length frequency data resulted  
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Table 5.3. Bayesian Hierarchical Growth Model Specifications.  
Monte Carlo simulation was burned in for n=10,000 runs with every 50th of the following 
500,000 runs retained for tabulation into the posterior distributions. Variable names are kept 
consistent with the Appendix 5.1 JAGS code and are not consistent with text references to von 
Bertalanffy growth parameters but remain intuitively similar (e.g., Brody Growth Coefficient 




in a total count of 1,048, individuals while in the original study reported 1,047 (Moffitt and 
Parrish, 1996b).  
 The reconstructed length frequency data were incorporated into integrative models using 
the two-step method described in Laslett et al 2004. During the first step, a Gaussian mixture 
model was fit using maximum likelihood and used to decompose the distribution of fork lengths 
from individuals sampled during discrete time periods for each cohort present in the data. This 
was accomplished using the normalmixEM function from the mixtools package in R (Benaglia et 
al., 2009) by constraining the mean of each distribution to the observed mode. A bimodal 
Gaussian mixture model was fit for the months of October - February, as the original study 
reported that two cohorts were present during this period, while a single cohort was present the 
remainder of the year. The estimated mean fork length, ?̂?7Hk, and standard error, 𝑠7Hk, of each 
cohort during each sampling period was used to estimate growth parameters (E4).  
(𝐸4)					?̂?7Hk = 𝜇Jn1 −	𝑒)QSZR8o)	Z0Up + 𝑒7Hk + 𝜀7Hk	 
With this model, 𝑖, 𝑗, and 𝑘 reflect the fishing year, month, and age cohort, respectively. The 
estimated age of each cohort during a sampling period is denoted by 𝑎7Hk. July is the month of 
peak spawning for P. filamentosus (Luers, DeMartini, and Humphreys, 2017) which resulted in 
age estimates between 3 and 19 months. Sampling and residual model errors were described 
using random normal distributions 𝑒7Hk	~	𝑁(0, 𝑠7Hk_ )	and 𝜀7Hk	~	𝑁(0, 𝜎u_) respectively. In contrast 
to tagging and direct aging components, there is a dearth of information available to estimate the 
variance component of asymptotic length, 𝐿J, using length frequency methods, so this term was 
modeled as fixed effect, 𝜇J. From this, the expected mode fork length of each cohort (E6), and 
associated variability during each sampling period (E7) were calculated and used to construct the 
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negative log likelihood function (E8). The rationale for these approximations is discussed to 
greater depth in Eveson et al. 2004. 
(𝐸6)				𝐸S?̂?7HkU = 	𝜇Jn1 −	𝑒)QSZR8o)	Z0Up 
(𝐸7)				𝑉S?̂?7HkU = 	 𝑠7Hk_ +	𝜎u_ 








Parameter Estimation: Direct Aging Data 
Sources of direct aging data consisted of four previously reported length-at-age datasets from 
three studies. Age estimates for length at age data were obtained through analytical integration of 
otolith bands (Ralston and Miyamoto, 1983; n = 65), counts of otolith micro increments 
(DeMartini et al., 1994; n = 35), comparison of bomb radiocarbon (D14C) derived from otoliths 
relative to a standard reference obtained from hermatypic coral cores from the Hawaiian 
Archipelago (Andrews et al., 2012; n = 33), and the lead-radium ratios of individuals pooled by 
size class (Andrews et al., 2012; n = 3). 
Details of the method for estimating growth parameters from direct aging data 
components are described in Eveson et al. 2004. Briefly, parameters were modeled using the 
VBGF model described by equation E9.  
(𝐸9)					𝑙7 = 	 𝑙J7S1 − 𝑒)Q(ZR)	Z0)U +	𝛾7 
Expected length for each individual and the variance of the measurement error was described by 
equations E10 and E11. 
(𝐸10)				𝐸(𝑙7) = 	𝜇J(1 −	𝑒)Q(ZR)	Z0)) 
(𝐸11)			𝑉(𝑙7) = 	𝜎J_ (1 −	𝑒)Q(ZR)	Z0))_ + 𝜎_ 
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𝑙7 denoted the length of the 𝑖9 fish, at age 𝑎7 and 𝑎E was a fixed parameter analogous to 𝑡E when 
a fish has a hypothetical length of zero. As with the model for tagging data, 𝑙J7 was the 
individual asymptotic length of the 𝑖9 fish drawn from the random normal distribution 𝐿J =
𝑁(𝜇J, 𝜎J). 𝛾7 represented the distribution of individual measurement error and was similarly 
random, drawn from the distribution 𝛾 = 𝑁S0, 𝜎U. Equation 12 describes the log-likelihood 
function derived from these equations. 









An appropriate overall objective likelihood function (E13) was then defined from the sum 
of the negative log-likelihood functions for tag-recapture, direct aging, length frequency, and 
growth increment approaches, each with its own scaling constant, 𝛽.  
Defining an objective function and estimating integrative growth parameters 
A single set of growth parameters best describing the data was obtained by minimizing the 
objective likelihood function Λ (E13). 
(E13)			Λ = 	𝛽*𝑙𝑛(𝜆*) +	𝛽_𝑙𝑛(𝜆_) +	𝛽𝑙𝑛(𝜆)…+	𝛽B𝑙𝑛(𝜆B) 
By manipulating the value of scaling constants, how similar datasets were treated, and 
which datasets were included, six additional model structures were developed and evaluated 
(Table 5.4). Two approaches were used to define the scaling constants (𝛽) within each model’s 
objective likelihood function. The first equally weighted each likelihood function so that each 
data source had equal influence on the resulting parameter estimates. This was achieved by 
selecting a 𝛽 for each data source equal to the inverse of the number of observations for the data. 
The second weighted each data source relative to the number of observations of that particular 
data set (𝛽* = 	𝛽_ = 	𝛽).  
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The structure of model 5 fit only tagging data from the OTP study while models 6 - 11 
incorporated the additional length-at-age and length frequency data and differed from one 
another in the treatment of 𝛽 coefficients, whether direct aging data sources were considered 
independently and assigned their own log-likelihood function or if these data sources were 
pooled and contributed to estimation of a single log-likelihood function. Omission of direct aging 
data where ages were estimated by integrating daily growth increments was also considered as 
this method is likely to result in underestimations of age (Table 5.4; Wakefield et al 2017).  
 The six candidate integrative model structures (Models 6 - 11) were evaluated against 
one another using the following repeated training-testing cross validation procedure (Burman, 
1989) to determine the combination of model weighting, data pooling, and data sources 
parameter estimates that consistently best predicted observed growth from tagging data. Each 
model structure was trained using two-thirds of the tagging data (n = 258) selected at random 
while the remaining one-third (n = 129) was reserved for evaluating each model’s predictive 
ability. Model performance was evaluated using the parameters 𝜇J and 𝑘	estimated from 
training data, applied to the length at tagging and time at liberty of each individual in the 
validation set to predict length at recapture using Equation 2. The variance (𝑠_)	between the 
predicted (𝐿#, ) and observed (𝐿#,7)	length of each fish recapture was used as a metric for 





The preferred model structure was the one whose estimated parameters most frequently produced 
the smallest variance. This procedure was repeated 10,000 times. The preferred model structure  
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Table 5.4. Integrative Model Structures. 
A reference for the candidate model structures used to determine the preferred integrative 
model structure.  
 
was that which most frequently reported the lowest variance across all of these iterations. To 
determine if incorporating additional data sources improved predictive performance, cross 
validation variances for the preferred model structure were compared to those calculated using a 
model structure identical to Model 5, calculated including only tagging data. 
 The integrative model structure that best predicted observed growth most frequently was 
refit using the entire data set. Two-sided 95% confidence intervals were estimated for each 
parameter from the results of 10,000 bootstrap iterations. As with tagging data, the procedure for 
resampling direct aging data was straightforward and involved random sampling with 
replacement from the dataset to construct pseudo data sets with an equal number of observations 
as the original data. Bootstrapping length frequency data was slightly more complicated with 
each study period in the pseudo data resampled from the corresponding period of the 
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reconstructed study data. Each study period in the pseudo dataset contained the same number of 
observations as in the corresponding time period of the original study data. 
Results 
Opakapaka Tagging Program 
Of the 4,179 P. filamentosus tagged 439 individuals were recaptured at least once (10.5%, Table 
5.2). Mortality of fish upon release appeared to be generally low, facilitated by the strong tagging 
selectivity for healthy fish in good condition. Some immediate mortality was observed due to 
sharks and cetaceans or capture stress (4 individuals). Long-term mortality was thought to be 
relatively low based upon the high rates of tag return spanning many years. Hydra (small 
cnidarian polyps) biofouling of the tags was observed for some individuals with large times at 
liberty, with some lesions apparent around the opening where the tag exited the body cavity. This 
was not thought to be a serious health issue since the fish appeared to be feeding and swimming 
normally.  
Initial fork length at capture across all individuals ranged in size from 16.5 to 53.3 cm 
(mean = 31.9 cm, standard deviation (s.d.) = 5.5) and ranged from 19.1 cm and 52.8 cm (mean = 
32.8, s.d. = 5.1) for fish that were later recaptured. For those fish that were later recaptured, fork 
length at recapture ranged between 22.9 cm and 76.2 cm (mean = 41.9, s.d. = 8.7). The minimum 
time at liberty for any fish between tagging and recapture was a single day while the maximum 
time at liberty was 10.3 years (3,748 days) (Figure 5.2). The mean time at liberty was 1.82 years 
or 666 days (s.d. = 625).  
One fish was excluded from further analysis as its fork length at capture was not 
recorded. Seven fish were removed because the recapture date was not properly recorded. Of the 
remaining 432 fish recaptured, 351 were recaptured a single time, 33 fish were recaptured a total 
of two times, one fish recaptured 3 times, and two fish were recaptured 4 times. We also 
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excluded from analysis 45 individuals for whom time at liberty was less than 60 days yielding a 
data set of 387 unique individuals. 
 
Figure 5.2. Length and Time at Liberty for OTP Data.  
The length of P. filamentosus recaptured and included in analysis of OTP tagging data and 
the distribution of times at liberty. The fork length of fish during tagging is highlighted in red 
while length at recapture is shown in blue. 
Parameter Estimation from Tagging Data: Bayesian Approach 
The Bayesian hierarchical approach using the JAGS software yielded mean estimates of 𝐿J and 
𝐾 for each of the Models 1–4 examined (Table 5.3). Model 1, which incorporated individual 
variability in both 𝐿J and 𝐾  yielded mean parameter estimates of 𝐿J = 59.9 cm (coefficient of 
































variation [c.v.] = 2.59) and 𝐾 = 0.32 (c.v. = 8.57). 𝐿J and 𝐾 parameter estimates for Model 2, 
where 𝐾 was fixed, were 60.1 cm (c.v. = 2.74) and 0.35 (c.v. = 45.7) respectively. Under Model 
3, where 𝐿J was fixed and 𝐾 was fit freely 𝐿J = 76.9 cm (c.v. = 42.2) and	𝐾 = 0.17 (c.v. = 8.62) 
and 𝐿J = 77.3 cm (c.v. = 43.1) and 𝐾 = 0.24 (c.v. = 73.1) for Model 4, where both parameters 
were fixed. Additional parameters for each of the four models are presented in table 5.3. The 
Gelman-Rubin convergence criteria indicated that the model solutions were credible, with 
asymptotic convergence clearly occurring after ~4000 iterations, well within the burn-in phase of 
the Bayesian modeling runs. All 4 models appeared to fit the the data well; the mean Bayesian p-
values from all retained posterior samples for all models ranged between 0.500 and 0.501. Model 
1 had the largest DIC score (10582.86) followed by model 2 (10490.96), model 3 (5033.42), and 
model 4 (4874.83). Treating model parameters as fixed under models 2-4 resulted in excessively 
large coefficients of variation suggesting that individual variability in 𝐿J and 𝐾 is important, 
with perhaps variability in 𝐿J being more important based upon the response of 𝐿J standard 
deviation from the base case of Model 1 to the constrained individual variability in Model 3 and 
Model 4 (Figure 5.3). 
Parameter Estimation from Tagging Data: Maximum Likelihood Approach 
The maximum likelihood approach used for Model 5 successfully converged to produce 
estimates of 𝜇J, 𝜎J_ , 𝐾, 𝜇ghi", 𝜎,-."_ , and 𝜎_ (Table 5.5). Bootstrap confidence intervals of  
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Figure 5.3. Coefficient of Variation for von Bertalanffy Growth Function Parameters.  
Coefficient of variation for 2 von Bertalanffy growth function parameters (Brody growth 
coefficient, K) and (Mean asymptotic length L∞) for P. filamentosus. Individual variability 
was examined incorporating individual variability in both parameters, in either one of the 
parameters in series, or in neither parameter. 
 
parameters 𝜇J and 𝐾 overlapped 𝐿J and 𝐾 parameters from Bayesian models 1 and 2 (Table 
5.1). From these results, it was concluded that estimates produced by maximum likelihood were 
satisfactorily similar to estimates from the Bayesian approach. Model residuals were distributed 
around zero fairly consistently for all but the largest fish. For fish with recapture lengths 
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Table 5.5. Sample and Population Parameter Estimates from Maximum Likelihood 
Growth Models.  
Model 5 was fit to only the tagging data and Model 11 is the preferred model. For both 
models, parameter estimates fit to the full data set are reported in the Sample Estimate 
columns while bootstrapped parameter estimates (Median, 2.5%, 97.5%) are reported under 
the Population CI column. 
 
 
Comparing model performance 
Across all 10,000 cross validation iterations to determine model structure, the mean predictive 
variance metric ranged between 7.29 and 24.96 (mean = 14.20, s.d. = 2.20) where a lower 
predictive variance indicates a better model fit. From all candidate likelihood models, the 
structure of Model 11 best predicted cross validation data in 3,486 of 10,000 iterations. The 
predictive variance for Model 11 ranged between 7.29 and 20.10 (mean = 13.64, s.d. = 1.91). 
The structure of Model 5, fit exclusively using tagging data, ranged in predictive variance 
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Figure 5.4. Plots Comparing Predicted and Observed Length at Recapture.  
Predicted lengths at recapture fit using parameter point estimates from Bayesian Models 1 
and 2 and population parameter estimates from Maximum likelihood Models 5 and 11 
compared to observed length at recapture. Length at recapture was predicted as a function of 
length at marking and time at liberty. The 1:1 line indicates where points would fall if model 
parameters perfectly predicted length at recapture.  
 
between 7.17 and 26.09 (mean = 14.35, s.d. = 2.44). The structure of Model 11 performed better 
than the structure of Model 5 in 6,351 of 10,000 cross validation iterations. Differences in 
predictive variance between these two competing structures ranged between -1.60 and 10.80 
(mean = 0.72, s.d. = 1.37) and indicated that the inclusion of additional growth data did improve 

















































































































































































































 Linf = 59.08, K = 0.31
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parameter estimates refit using the prefered model structure and Model 5’s tagging 
only data are summarized in table 5.1 and all parameters for models 5 - 11 are reported in full in 
table 5.5. When fit to the entire tagging data set, the residual pattern of Model 11 also 
underestimated lengths at recapture length for the largest individuals. 
Discussion 
Our integrative model results reconcile 30+ years of efforts to determine growth for P. 
filamentosus in the Hawaiian Archipelago and provide robust support for some observed life 
history parameters. Growth parameters derived using integrative models that incorporated 
additional length frequency and length-at-age data were better able to predict observed growth in 
recaptured fish. These parameters were in agreement with those derived from; 1) the fit of only 
integrated daily growth increments from otoliths collected in the NWHI without constraining 𝐿J 
(S. Ralston and Miyamoto, 1983), 2) integrated daily growth increments and microincrement 
counts (DeMartini et al. 1994), and 3) the radioisotopic composition of otolith material and 
counts of otolith increments from the MHI and NWHI (Andrews et al. 2012) and support the 
implicit assumption that tagging individuals did not disrupt their growth trajectory. Integrative 
parameters differed from estimates from an ongoing mark recapture study in the MHI which 
reported faster growth and smaller asymptotic lengths (O’Malley, 2015). These differences could 
arise from real changes in growth between the periods fish were collected, methodological 
differences, as well as that thus far, none of the fish recaptured during the ongoing study have 
been of the largest size classes (maximum size reported = 47.6 cm FL). 
Compared to their broader distribution, P. filamentosus from the Hawaiian archipelago 
were slower growing but obtained larger asymptotic lengths than those from the Mariana 
Archipelago (Stephen V. Ralston and Williams, 1988) and Papua New Guinea (Fry et al. 2006, 
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Andrews et al. 2012), and were faster growing but ultimately smaller in their asymptotic length 
when compared to estimates from the Seychelles (Mees, 1993; Hardman-Mountford, Polunin, 
and Boulle, 1997; Mees and Rousseau, 1997; Pilling, 2000). 
Comparing growth parameter estimates fit exclusively with OTP data indicate that 
Bayesian and maximum likelihood fitting methods performed similarly. The treatement of 
individual variability in parameters estimated in Model 2 were identical to those used to fit 
Model 5 (OTP data only). Parameters estimated by Models 1 and 2 were contained within the 
95% confidence intervals of Model 5. Integrative Models 6 - 11 were evaluated under the same 
assumptions of parameter variability as models 2 and 5. 
Of the Bayesian models, Model 1 was the presumed optimal because it incorporated 
individual variability in both  𝐿J and K parameters. The additional Models 2 - 4 suggest that 
individual variability in both 𝐾 and 𝐿J is important, with perhaps variability in 𝐿J being more 
important based upon the response of 𝐿J standard deviation from the base case of Model 1 to the 
constrained individual variability in Model 3 and Model 4 (Figure 5.3). While Models 3 and 4 
had lower DIC values, based upon parameter estimates and patterns of standard deviation, it is 
likely that these models were not credible. Similar parameter estimates obtained from Models 1 
and 2 suggested that the primary source of individual variability was due to variability in the 𝐿J 
parameter. This is consistent with other studies where the best models accounted for individual 
variability in both terms but accounting for individual variation in the 𝐿J	term alone was 
sufficient to describe growth while significantly reducing computational complexity (Eveson et 
al. 2007, Zhang et al. 2009). 
Across all models, the parameters from Model 11 best predicted length at recapture 
across validation iterations and therefore represents the best estimated parameter set. Information 
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from older/larger fish was very important for grounding the upper end of integrative growth 
curves resulting in parameters that better predicted length at recapture. Omission of the largest 
individuals from Models 1-5 resulted in lower estimates of 𝐿J, causing growth curves to 
asymptote prematurely. When included, additional data sources resulted in growth parameters 
that were better able to predict the length of fish recaptured from the MHI in the OTP study.  
Additional data sources included in integrative models represent collections spanning 
several decades and were collected across both the MHI and NWHI. When incorporating these 
additional data sources, it must be assumed that growth within the population did not differ 
significantly with time or region. Genetic homogeneity between NWHI and MHI stocks (Gaither 
et al. 2010, Gaither et al. 2011) justified incorporating data from both regions and with the 
exception of Ralston and Miyamoto (1983), all subsequent studies of growth for P. filamentosus 
in the Hawaiian archipelago have included data or parameter estimates from one or more 
previous studies in their calculations regardless of time and place of collection (DeMartini et al. 
1994, Moffitt and Parrish 1996, Andrews et al. 2012).  However, these spatial and temporal 
assumptions may not reflect phenotypic realities and further work is required to resolve whether 
differences in growth exist between the two regions.  
Parameters obtained from our models and those published elsewhere underestimate the 
size at recapture for the largest fish in the OTP dataset (approximate fork length > 50 cm) 
(Figure 5.4). Sexual size dimorphism may explain this poor predictive ability.  If one sex attains 
a greater asymptotic length than the other, that sex is likely to be overrepresented in the largest 
size classes relative to the total population. At sizes where the sex ratio of individuals is similar 
to the sex ratio of the total sampled population, averaging of model parameters between sexes 
results in excess model deviation. However, for the largest sizes where sex ratios are not 
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representative of the population as a whole, estimated growth parameters represent an average of 
both sexes and will underestimate recapture lengths for largest individuals from one sex while 
overestimating the recapture length of the largest individuals of the other. While not pronounced, 
dimorphic size differences have been observed in a number of lutjanid species (Grimes, 1987; 
Mees, 1993; Stephen J. Newman, Cappo, and Williams, 2000; S. J. Newman and Dunk, 2002; A. 
J. Williams et al., 2017; Taylor et al., 2018; Nichols, 2019). Estimations of growth parameters 
for P. filamentosus in the Central Pacific are sex agnostic and the method for non-invasive 
sexing of this species was unknown until recently (Luers et al. 2017). However, elsewhere in 
their distribution, larger asymptotic lengths have been reported for male P. filamentosus in the 
Seychelles while during research fishing in the Northwestern Hawaiian Islands, the number of 
females outnumbered males almost 2:1 in the largest size classes, and in Guam no differences 
between sexes were observed (Harry T. Kami, 1973; Kikkawa, 1984; Mees, 1993).  
 Accurate estimates of von Bertalanffy growth parameters are very important for 
management. Growth parameters are often used directly or indirectly in stock assessment and 
fisheries management (J J Polovina, Ralston, and Ralston, 1987; Haight, Kobayashi, and 
Kawamoto, 1993). These efforts are sensitive to both growth parameters and the model used to 
estimate those parameters. For example, the rate of instantaneous natural mortality M is a value 
of interest often inferred using empirical relationships between M and 𝐾 (S. V. D. Ralston, 1987; 
Jensen, 1996; Thorson et al., 2017). Underestimating 𝐾 will underestimate M, characterizing a 
stock as less productive than it actually is while overestimating K will overestimate M. If the 
management regime is linked to such a flawed estimate of stock productivity, then the stock is 
likely to be mismanaged and under or over harvested, respectively, relative to its true biological 
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potential. Future work to refine growth estimates for P. filamentosus should consider that growth 
trajectories may differ between males and females.  
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The primary contribution of this dissertation is an improved understanding of deep-water fishes 
in relation to their population assessment and fisheries management. Complexes of deep 
demersal fishes are an important resource across much of the globe. In the last 60 years deep-
water stocks have increasingly become a target of the global fishing industry (Haedrich, Merrett, 
and Dea, 2001; Morato et al., 2006). Those tasked with ensuring the sustainable future of these 
resources require information about the behavior and life history of these species to reduce 
uncertainty and implement appropriate management strategies. An important component of this 
process is the evaluation of implemented strategies to ensure their outcome is consistent with 
management objectives. 
 Management of deep-water fishes is complicated by the inherent difficulty to directly 
observe the stock and their life histories. Unlike shallow-water species, observing fish residing in 
deeper water requires specialized equipment. This means it is often costly and resource intensive 
to verify management outcomes (Haedrich, Merrett, and Dea, 2001; Murphy and Jenkins, 2010). 
Deeper living fish also often possess life history traits such as long-life spans and late maturity 
(Haight, Kobayashi, and Kawamoto, 1993; Morato et al., 2006; Drazen and Haedrich, 2012). The 
difficulty in observing these fish, and their associated life history traits, make these stocks 
particularly vulnerable to over-exploitation. Reducing the uncertainty in the tools available to 
assess and manage these resources is therefore of paramount importance.  
 Deep-water fishery reserves have emerged as a tool for rebuilding and maintaining deep-
water stocks (A. Williams et al., 2009; Huvenne et al., 2016; Uehara, Ebisawa, and Ohta, 2018). 
Key to understanding the benefits of these reserves is quantifying their ability to retain and 
protect fish during critical life stages to confer positive, beneficial effects (Roberts et al., 2014). 
However, biological considerations are often unknown or neglected when reserve areas are 
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designed, which can lead to uncertain outcomes (Halpern, 2003). Understanding the spatial 
ecology and movement dynamics of these fishes relative to proposed or implemented areas is 
therefore critical to both the planning and evaluation processes (Stephen R. Palumbi, 2004).   
 Passive tracking using acoustic telemetry has become a popular and versatile tool for 
quantifying fish movements in relative to fishery reserves (Crossin et al., 2017). These systems 
facilitate long-term observations of movement for tagged individuals as they move within and 
beyond the boundaries of protected areas. However, to date there have been far more studies 
using this technology in shallow-water settings compared to deeper environments (Edwards et 
al., 2019). As a consequence, the performance of these systems in deeper environments is poorly 
understood.  
 Through extensive testing in deep, shallow, and controlled tank environments, my 
collaborators and I were able to show that additional considerations must be accounted for when 
this technology is applied in a deep-water setting (Chapter 2). Close proximity detection 
interference (CPDI) is a phenomenon where transmissions from acoustic tags are heard but 
undetected by receiver units when they are co-located or near in space. We showed that CPDI is 
caused by the arrival of a transmission’s multipath acoustic energy interfering with the arrival of 
the same transmission’s direct path resulting in the receiver’s failure to decipher and record the 
transmission’s encoded data.  
 We were able to demonstrate that the market leading acoustic telemetry system is 
affected by CPDI, particularly in environments where the depth exceeds approximately 200 
meters. Initially, two ranging experiments were performed in relatively deep (approximately 300 
m) and shallow (approximately 25 m) settings. CPDI was present in the results of the deep-water 
experiment and absent from the shallow water test. By coupling information from our 
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experiments with a tank experiment and background research to understand how these systems 
encode data, we were able to construct a simulation model to predict when CPDI would occur. 
The results of two additional range tests validated CPDI occurrence as predicted by the 
simulation model.  
 This work ultimately culminated in an improved understanding of the CPDI phenomena 
and the identification of depth as a key factor. We were able to extend our model to suggest 
optimal vertical placement to minimize the effect of CPDI on receivers given operating and 
environmental parameters These models were then packaged as software tools and distributed to 
the broader community so this phenomenon can be accounted for when designing the 
configuration of receiver arrays for future tracking studies.  
 Hawaii introduced the bottomfish restricted fishing areas (BRFAs) in 1998 to curb the 
overfishing of the demersal fish complex by the commercial fishery (Ikehara, 2006). There 
BRFAs originally numbered 19 but were reduced in number and revised in size prior to the 2008 
fishing year after work to better understand preferred bottomfish habitat (Parke, 2007) and on 1 
September 2019, the start of the 2020 Federal Fishing Year, the State of Hawaii reopened 4 of 
the 12 remaining reserve areas. However, the utility and role of the BRFAs remains a 
contentious issue among fishery stakeholders (Hospital and Beavers, 2011).  
 We tracked Pristipomoides filamentosus, the species most represented in the catch of the 
commercial bottomfish fishery, using acoustic telemetry relative to one of the BRFAs to 
understand how individual fish moved out of, into, and within this protected space (Chapter 3). 
Our work also revealed a high probability of post-release mortality when individuals were 
released, a serious implication for other studies investigating this species. However, high rates of 
residency within the BRFA were observed for surviving fish. Individuals were detected within 
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reserve boundaries on upwards of 90% of the total days they were tracked. Using a constrained 
path linear home range estimator to quantify the scale of movement for our fish, I calculated a 
home range length that was less than 10 km in length. Using the shortest depth-constrained path 
across each of the BRFAs as a course proxy for the minimum protection they afford, I found the 
length of this path was longer than the home range of P. filamentosus in each of these areas. 
These results suggest the BRFAs are of an appropriate size for protecting fish residing within 
their borders.  
 While the BRFAs may be of an appropriate scale to protect P. filamentosus, and other 
studies show that these fish often increase in size and abundance inside the BRFAs (Sackett et al 
2014), the role they have played in recovery of the Deep-7 bottomfish fishery, in terms of catch 
metrics, has gone largely unquantified. Bottomfish stocks recovered following revision of the 
BRFA management system but whether this was a consequence of the BRFAs or other 
management measures introduced at the time was poorly understood (Brodziak et al. 2011, 2014, 
Langseth et al. 2018). Using a dataset of commercial marine landings maintained by the State of 
Hawaii, I found that overall fishing pressure, the number of fishers, the number of trips per 
fisher, and total harvest decreased with the establishment of the reserves. After the reserves were 
revised, similar levels of effort and total harvest persisted but there was a further decrease in the 
number of trips per fisher, though the number of fishers increased. There was also some evidence 
that the number of fish caught on a single trip increased. Following implementation and revision 
of the reserves, the fishery redistributed with disproportionate decreases in effort, the number of 
fishers for reporting areas containing protected habitat, though this effect lessened with time. 
There was also a persistent decrease in harvested biomass between areas containing protected 
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habitat and those that didn’t for both of these time periods. Furthermore, the average catch per 
trip in these areas also decreased following the revision of the BRFA network.  
 Another critical job of fisheries management is to accurately forecast future stocks in 
response to competing management scenarios. This requires precise estimates of key life history 
parameters for the species. Over the last 40 years, a number of studies have used various 
methods to obtain growth parameter estimates for P. filamentosus (S. Ralston and Miyamoto, 
1983; DeMartini, Landgraf, and Ralston, 1994; Moffitt and Parrish, 1996b; Andrews et al., 
2012). I was able to combine data from each of these prior studies with data from a previously 
unpublished tagging experiment using an integrative method to produce a single set of 
parameters that best described the growth that was observed in the tagging dataset. These 
parameters were similar to and support those estimated using radio-isotopes and direct aging 
methods several years ago lending confidence to their accuracy (Andrews et al., 2012). 
Furthermore, this work revealed that these parameters are insufficient for describing the growth 
observed in the largest of individuals potentially explained by dimorphic differences in the 
growth of males and females of this species.  
 This dissertation has begun to address some of the knowledge gaps surrounding the use 
of fishery reserves for managing deep-water fishes. However much remains to be done to build 
upon the work presented here and integrate specific results into future management policy.  
Future Directions 
Incorporating our findings linking depth to CPDI (Chapter 2), space state models are one area 
that would benefit from additional work. Space state models have emerged as a method for 
estimating a tagged individual’s position within a study area using the number of detections over 
a time-interval to estimate position relative to receivers (Pedersen and Weng, 2013; Alós et al., 
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2016). Studies relying on space state models require information on dynamic changes to the 
receiver’s detection range throughout the study. This is typically achieved by a transmitter 
located a fixed distance from the receiver and modeled using a sigmoidal, or similarly shaped, 
detection function (Pedersen and Weng, 2013; Alós et al., 2016). However, when CPDI is 
present, the shape of the detection function closest to the receiver is truncated. One possible 
avenue to pursue would be incorporating results from our predictive model to dynamically 
account for this truncation, however work would be needed to overcome challenges determining 
if a fish was close to or far from a receiver when associated with low detections.  
 CPDI can also introduce holes when acoustic receivers have been spaced with 
overlapping detection ranges in a fence configuration. Performance of the fence may be 
compromised if tagged individuals are able to navigate undetected through one of these holes 
(Kessel et al., 2015b). The CPDI model we developed was used to verify the integrity of the 
fences used to track P. filamentosus in chapter 3. This practice should be a practical 
consideration of all studies using a fence array format. 
 Another possible avenue for this work would be to improve the predictive model of 
CPDI. Multipath arrivals off the air-sea surface are a major concern for CPDI due to negligible 
energy loss at this interface and have a geometry that was relatively easy to estimate, however 
the benthic interface may also reflect energy sufficient for detection by the receiver and 
modeling complex bathymetry at a unique study site is more challenging. Due to the design of 
our range tests and an inability to validate additional geometries, the benthic interface of our 
model is treated as a horizontal plane. Future work could improve arrival time estimates by 
incorporating sloped geometries or moving to a ray tracing model for simulating more complex 
bathymetry. 
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 Other methodological considerations brought up by this dissertation include ways of 
mitigating post-release mortality in deep-water teleosts. Admittedly there have been several 
studies that have looked at this very issue with recommendations ranging from improving 
handling protocols, to devices for securely delivering fish to the seafloor (Hannah and Matteson, 
2007; Jarvis and Lowe, 2008; Roach, Hall, and Broadhurst, 2011; S J Hochhalter and Reed, 
2011; Mclennan, Campbell, and Sumpton, 2014). Our work with P. filamentosus (Chapter 3) 
reinforces that there is no one panacea for all species. If the resources are available, it would be 
wise for future studies of P. filamentosus and other deep-water species to conduct a survivorship 
study as part of the initial tagging effort. Such an undertaking would involve identifying a 
number of treatments that may affect survivorship and randomly assigning tagged fish to one of 
these protocols. These treatments could include whether the fish’s swim bladder was vented, if 
the fish is held for a recovery period or immediately released, if the release occurs at midwater, 
the seafloor, or at the surface, and other factors that could lead to different outcomes. Data 
should be downloaded from the receiver array after an appropriate time has elapsed and a logistic 
model fit to assess which treatments resulted in the highest rates of survivorship. While more 
costly than tags without sensors, tags with pressure sensors supplied depth records that were 
incredibly helpful for determining whether fish were alive or dead. The detections of one highly 
resident fish was otherwise indistinguishable from stationary tags except for changes in depth. 
Similarly, there were records of two fish that met all of our criteria for being “alive”, but with 
diel vertical movements that closely resembled the behavior of predator species. Additionally, 
high output tags were used on this project to minimize the number of receivers required to 
instrument the Makapuu study area. Combined with low background noise at the depths our 
receivers were placed, these tags could be detected by receivers to at a range of approximately 
 156 
846 m, increasing position uncertainty. Had lower output tags with depth sensors been used, the 
positions of fish, and their fate could be assessed with greater fidelity. 
 Specific to management of Hawaii’s bottomfish, observed site fidelity and relatively 
limited home ranges for P. filamentosus and other bottomfish species reported elsewhere (Weng, 
2013), as well as low rates of regional larval flow (Vaz, 2012), indicate that a spatially structured 
approach to management may be appropriate for these fishes. The current method for bottomfish 
assessment pools data across all island areas but evidence from our study and conventional 
tagging work indicate that inter-island movements of adult fish are rare, implying discrete adult 
subpopulations (Kobayashi, 2008; O’Malley, 2015; Langseth et al., 2018). Furthermore, habitat 
distribution modeling has shown different bottomfish species differ in habitat preference and the 
distribution of preferred habitat is not uniform across the archipelago (Oyafuso et al., 2017). 
Assessment of these resources in Hawaii and elsewhere throughout the Indo-Pacific could be 
improved by incorporating this information into the stock assessment process. 
 The BRFAs were originally established to curb the overfishing of key bottomfish species. 
Since 2010, stock assessments have indicated that overfishing of these resources is no longer 
occurring, nor are they overfished (Brodziak et al. 2011, 2014, 2014, Langseth et al. 2018). With 
this goal achieved, it is not clear what the present role of the BRFAs is. Fishery reserves can 
serve a number of roles beyond rebuilding overfished populations, including enhanced larval 
output and export to non-protected areas as well as acting as insurance against uncertainty 
(Lockwood, Hastings, and Botsford, 2002; Sale et al., 2005; Planes, Jones, and Thorrold, 2009) 
but failure to adequately set objectives and assess the performance of these areas can result in the 
loss of stakeholder support (Lundquist and Granek, 2005). It is therefore important that Hawaii’s 
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bottomfish fishery make clear the intent of these areas moving forward and convey this 
information to the greater fishing community.  
 To this end, the reopening of four of the 12 restricted fishing areas on 1 September 2019 
presents an interesting opportunity to understand how subpopulations differ in these areas 
relative to the broader fishery. Managers have requested commercial fishers reporting catch in 
any of the 4 reopened areas do so with a new unique reporting grid identifier. Using methods 
similar to those in chapter 5 will allow future work to track how metrics of effort, catch, and 
catch-per-unit-effort change for fishers in these regions relative to the unprotected adjacent areas. 
While commercial landings data provide a fisheries dependent view of any changes these areas 
undergo, baited stereo-cameras offer an opportunity to study these changes in-situ. Such systems 
have been used to collect data on the size and abundance of fish in protected and non-protected 
areas and are currently being used to perform a fisheries-independent surveys for the purpose of 
stock assessment (Merritt et al., 2011; CH Moore et al., 2013; Misa et al., 2013; Richards et al., 
2016; Sackett, Kelley, and Drazen, 2017; Langseth et al., 2018). These records provide a unique 
time series that fits well within the traditional BACIP framework, specifically tracking the 
relative trajectories in size and abundance of bottomfish before and after the removal of these 
areas relative to adjacent areas that have never been protected. Such an analysis would allow 
managers to infer how the remaining bottomfish restricted fishing areas, and fishery reserves in 
general, contribute to maintaining bottomfish stocks. 
 Despite extensive efforts to quantify growth for P. filamentosus, there are a number of 
considerations that could refine growth models. As previously noted, parameters obtained from 
integrative models indicate the potential for dimorphic growth between males and females. 
Dimorphic differences have been observed in the species elsewhere (Mees, 1993) in its 
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distribution and but dimorphism has not been considered in any study of the Hawaiian 
population. Until recently, the only way to sex P. filamentosus was internally, requiring the 
animal to be sacrificed, limiting the collection of sex data to direct aging studies. But recent 
advancements in external sexing mean that sex can be accounted for using growth increment and 
length frequency methods as well (Luers, DeMartini, and Humphreys, 2017). At this point there 
is no reason future studies of P. filamentosus should not collect this information.  
 There were also spatio-temporal assumptions made when fitting growth curve parameters 
that are worth investigating. Namely, that fish collected from the Main Hawaiian Islands were 
similar to those from the Northwestern Hawaiian Islands and that it was appropriate to fit a 
single set of parameters from specimens collected over a period of nearly 30 years. Justification 
for these assumptions was discussed in chapter 4, however in light of sub-regional differences 
identified in other eteline snappers (Nichols, 2019) these are concerns that any future study to 
quantify growth for P. filamentosus in the region should seek to address.  
 Recent years have seen an expansion of commercial fisheries targeting deep-water 
demersal fishes in the Indo-Pacific. However, in many cases management is constrained by 
limited data and financial resources (A. J. Williams et al., 2012). The studies comprising this 
dissertation, and others looking at the outcome of the BRFAs on Hawaii’s bottomfish indicate 
these areas are appropriate in scale and have resulted positive benefits to the stock (Weng 2013, 
Sackett et al. 2017, Chapter 3). Similar reserve systems may be an attractive solution to 
uncertainties in the management of demersal fishes elsewhere. However, in addition to 
ecological considerations, well defined goals, regular assessment, community buy-in and 
engagement, socio-economic characteristics, local governance, and enforcement are all factors 
determining success of these areas (Grafton and Kompas, 2005; Rossiter and Levine, 2014). 
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Ultimately, it will be up to the managers of these fisheries to determine if such a system is 
feasible for meeting their local needs, given their resources.  
 Deep-water fishery reserves are an important instrument in a manager’s toolbox. 
However, each system of reserves and the fishes they protect is unique in both implementation 
and objectives. As such, there is no one size fits all method to assess their utility. The work 
presented here demonstrates how understanding the biology and spatial ecology of the intended 
beneficiaries of these protections provides a method for evaluating the appropriateness of spatial 
management for these species and improves our understanding of how these areas can rearrange 











































Appendix 3.1. Results Inclusive of Uncertain Tag Results 
The following supplemental material presents an alternative scenario where both valid (alive) 
fish tracks and fish with tracks of uncertain status are analyzed together. The latter group likely 
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includes both valid tracks of fish that are highly resident and only detected at a single receiver as 
well as tracks from fish that did not survive following release and who’s tags now sit an 
intermediate distance from a receiver station. 
Results 
Categorizing Fish Status 
 Of the 158 tracks from tagged P. filamentosus detected on the array between 26 June 
2017 and 6 January 2018 10 were classified valid, 36 classified as uncertain and 82 classified as 
dead. Tracks of 40 individuals with track durations less than 14 were excluded from analysis and 
11 tags were not detected on the array during the analysis period (Table 3.1). The classification 
algorithm initially assigned 30 tracks a valid status, however 20 tracks were reclassified post-
facto with 12 tracks reclassified uncertain while 8 appeared dead. The following analyses are for 
the 46 fish with valid or uncertain tracks. Because the group of uncertain tags likely contained a 
mixture of tags from fish that are dead and alive, a less conservative analysis that includes these 
additional tracks is included as supplemental material to this manuscript.  
Under the assumption that only the fish with valid tracks survived after tagging, the 
survivorship rate was 25.7%. Because some fish were tagged prior to the start of the analysis 
period, track duration, defined as the time between each individual’s first and last detection on 
the array, was used to compare and standardize results between individuals. This is in contrast to 
time at liberty which would encompass the period from an individual’s tagging until it’s last 
detection but would be inappropriate for standardizing analysis results as it would also count 
days before the analysis period began. Valid and uncertain tracks ranged in duration between 66 
and 559-days with a mean of 358-days (s.d. = 145) (Table A3.2).  
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Table A3.2: Descriptive metrics of valid and Uncertain tracks from tagged opakapaka 
for analysis period 1 (P1) and period 2 (P2). 
 
Size selective survivorship bias 
The mean fork length of P. filamentosus classified alive (46.5 cm) fell within the 95% 
confidence interval from simulation data sampled without replacement (45.3 - 50.6). The 
standard deviation of fork length for these fish was 7.165-cm and did not fall within the 95% 
confidence interval obtained from simulation data (8.149 – 11.81-cm). This result indicates that 
the mean size of surviving fish was not significantly different than expected for a random subset 
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of the total population, and the smallest and largest fish tagged were underrepresented in the data 
(Supplemental Figure A3.3). 
 
Figure A3.3. Simulated and Observed Fork Lengths for Surviving Fish 
Orange bars show the distribution of fork lengths for tagged P. filamentosus with valid and 
uncertain tracks and blue bars indicate all P. filamentosus tagged during the duration of the 
project. Simulation results show that the observed distribution mean of fork lengths for fish 
with tracks classified valid was within the range expected from the total population data, 
however the observed standard deviation of the distribution was smaller than would be 
expected if survivorship was random. 
Analysis Periods 
Receivers were recovered and downloaded twice, once mid-study and once at the end of the 
study, separating the analysis into two periods. 45 fish of 46 fish with valid or uncertain tracks 
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were detected on the receiver array during the first of these periods with 38 fish appearing on the 
array during the second.  
Individual Home Range 
Estimates of linear home range for the first analysis period varied between 0.0-km and 19.7-km. 
The median observed home range distance was 3.2-km (IQR: 1.6-6.1-km). Home ranges 
observed during the second analysis period were between 0.0-km and 8.1-km with a median 
distance of 2.4-km (1st Quartile = 1.7, 3rd Quartile = 3.7). Regardless of array shape, the median 
home range calculated was 3.7-km (IQR: 1.7-7.2-km) (Figure A3.5). 
 
 
Supplemental Figure A3.5. Comparing Observed Ranges to BRFA Size 
Comparison of the maximum movement distances observed for P. filamentosus (Valid and 
uncertain tracks) to the linear habitat dimensions of the 8 BRFAs. 
Quantifying Movement Frequency and Reserve Retention 
Tracked fish generally stayed within the protection of reserve boundaries. During the first period, 
11 of the 45 fish with valid or uncertain tracks were detected crossing BRFA boundaries a 
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combined 94 times. Site fidelity was high; on average, fish detected in this period spent 91.6% of 
their time within the BRFA (s.d. = 25.8%). For the fish that moved between protected and 
unprotected areas, the median number of total movements across BRFA boundaries was 6-
crossing-per-fish (IQR: 3.5-13.5-crossings-per-day-per-fish) over a median track duration of 95-
days (IQR: 76.5-224.5-days). Standardized by track duration, the median number of movements 
into or out of the BRFA for the 11 fish was 0.061-crossings-per-day-per-fish (IQR: 0.028- 0.168-
crossings-per-day-per-fish) equivalent to one crossing every 16.4-days. However individual rates 
were as high as 0.273-crossings-per-day, equivalent to crossing once every 3.6-days.  
 During the second analysis period, 5 of the 43 tracks were detected crossing the BRFA 
boundaries a combined total of 146 times. Site fidelity was high; on average, fish detected in this 
period spent 89.8% of their time within the BRFA (s.d. = 28.9%). The median fish crossed the 
BRFA’s boundaries at an average rate of 0.028-crossing-per-day-per-fish (IQR: 0.003-0.149-
crossings-per-day-per-fish) over a mean track duration of 245-days (IQR: 245-245-days). 
Standardized by track duration, this corresponded to one movement over reserve boundaries 
every 35.4-days. However individual rates were as high as 0.156 -crossings-per-day, equivalent 
to crossing once every 6.4-days.  
 Without respect to analysis period or array shape, 11 of the 45 tracks were detected 
crossing the BRFA boundaries a combined total of 94 times. Rates of site fidelity within the 
reserve were high; on average, the median fish spent 100% of their time within the BRFA (IQR: 
100-100%). For fish detected moving across boundaries, the median fish crossed BRFA 
boundaries 6 times (IQR: 3.5-24) over a median track duration of 350-days (IQR: 173.5-495.5-
days), resulting in 0.04-crossings-per-day-per-fish (IQR: 0.015-0.21-crossings-per-day-per-fish). 
 166 
This corresponds to one movement over reserve boundaries every 27, however individual rates 
were as high as 0.27-crossings-per-day, equivalent to crossing once every 3.7 days.  
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Appendix 4.1. Full Model Summaries and Diagnostic Plots for Fishery Wide 
Linear Models 
The following appendix includes model summaries and diagnostic plots presented in the section 
“General Trends in the Deep 7 Fishery” 
Hypothesis 1: Effort Distribution 
 
Call: 
lm(formula = n_trips ~ regime, data = trips_per_year) 
 
Residuals: 
    Min      1Q  Median      3Q     Max  
-694.78 -269.44   22.33  202.28 1006.22  
 
Coefficients: 
               Estimate Std. Error t value Pr(>|t|)     
(Intercept)     2951.11     149.75  19.706 2.50e-16 *** 
regimebefore    1181.67     211.78   5.580 9.66e-06 *** 
regimerevision   -28.44     211.78  -0.134    0.894     
--- 
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
 
Residual standard error: 449.3 on 24 degrees of freedom 
Multiple R-squared:  0.6393, Adjusted R-squared:  0.6092  
F-statistic: 21.27 on 2 and 24 DF,  p-value: 4.855e-06 
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Hypothesis 2: Fisher Participation 
 
Call: 
lm(formula = n_fishers ~ regime, data = fishers_per_year) 
 
Residuals: 
    Min      1Q  Median      3Q     Max  
-86.556 -26.056   1.556  27.000 106.444  
 
Coefficients: 
               Estimate Std. Error t value Pr(>|t|)     
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(Intercept)      383.56      15.23  25.179  < 2e-16 *** 
regimebefore     109.89      21.54   5.101 3.22e-05 *** 
regimerevision    40.00      21.54   1.857   0.0757 .   
--- 
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
 
Residual standard error: 45.7 on 24 degrees of freedom 
Multiple R-squared:  0.5263, Adjusted R-squared:  0.4868  
F-statistic: 13.33 on 2 and 24 DF,  p-value: 0.0001278 
Model family was recoginzed or set as continous, but duplicate values were de




Hypothesis 3: Allocation of Individual Effort 
 
Call: 
lm(formula = mean ~ regime, data = trips_per_fisher) 
 
Residuals: 
     Min       1Q   Median       3Q      Max  
-0.94009 -0.44948 -0.00543  0.29495  1.57368  
 
Coefficients: 
               Estimate Std. Error t value Pr(>|t|)     
 171 
(Intercept)      7.7037     0.2111  36.490   <2e-16 *** 
regimebefore     0.6627     0.2986   2.220   0.0361 *   
regimerevision  -0.7988     0.2986  -2.675   0.0132 *   
--- 
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
 
Residual standard error: 0.6333 on 24 degrees of freedom 
Multiple R-squared:  0.5003, Adjusted R-squared:  0.4587  
F-statistic: 12.02 on 2 and 24 DF,  p-value: 0.0002423 
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Hypothesis 4: Harvested Biomass 
 
Call: 
lm(formula = lbs ~ regime, data = lbs_harvested_per_year_wo_spp) 
 
Residuals: 
   Min     1Q Median     3Q    Max  
-77600 -26037 -10213  15914 134528  
 
Coefficients: 
               Estimate Std. Error t value Pr(>|t|)     
(Intercept)      221955      15695  14.142 3.89e-13 *** 
regimebefore      91065      22196   4.103 0.000406 *** 
regimerevision    19816      22196   0.893 0.380844     
--- 
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
 
Residual standard error: 47090 on 24 degrees of freedom 
Multiple R-squared:  0.4369, Adjusted R-squared:   0.39  
F-statistic: 9.311 on 2 and 24 DF,  p-value: 0.001016 
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Hypothesis 5: Average Landings Per Trip 
 
Call: 
lm(formula = mean ~ regime, data = annual_cpue_lbs) 
 
Residuals: 
    Min      1Q  Median      3Q     Max  
-12.208  -4.994  -1.341   4.981  17.399  
 
Coefficients: 
               Estimate Std. Error t value Pr(>|t|)     
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(Intercept)      52.812      2.252  23.448   <2e-16 *** 
regimebefore     -2.569      3.185  -0.807   0.4279     
regimerevision    6.330      3.185   1.987   0.0584 .   
--- 
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
 
Residual standard error: 6.757 on 24 degrees of freedom 
Multiple R-squared:  0.2563, Adjusted R-squared:  0.1943  




Appendix 4.2. Full Model Summaries and Diagnostic Plots for Delta Models 
The following appendix includes model summaries and diagnostic plots presented in the section 
“Trends Between Protected and Non-protected Areas” 
Hypothesis 1: Effort Distribution 
Linear mixed model fit by REML. t-tests use Satterthwaite's method [ 
lmerModLmerTest] 
Formula:  
percent_delta ~ status + time_protected_implementation + time_protected_revis
ion +   
    (1 | primary) + (1 | comparison) 
   Data: h1_deltas 
 
REML criterion at convergence: 18948.6 
 
Scaled residuals:  
    Min      1Q  Median      3Q     Max  
-7.0586 -0.3543 -0.0124  0.3375  7.2236  
 
Random effects: 
 Groups     Name        Variance Std.Dev. 
 comparison (Intercept) 10527    102.60   
 primary    (Intercept) 16926    130.10   
 Residual                5661     75.24   




                                Estimate Std. Error         df t value 
(Intercept)                     25.31289   26.70091   58.88062   0.948 
statusimplementation:control   -33.52121    8.05032 1560.50468  -4.164 
statusrevision:control         -33.49955   10.58725 1561.77771  -3.164 
statusreopened:control           0.06079    7.38996 1572.72007   0.008 
time_protected_implementation    3.11266    1.30976 1559.36829   2.377 
time_protected_revision          4.21164    1.77342 1559.36829   2.375 
                              Pr(>|t|)     
(Intercept)                    0.34700     
statusimplementation:control   3.3e-05 *** 
statusrevision:control         0.00159 **  
statusreopened:control         0.99344     
time_protected_implementation  0.01760 *   
time_protected_revision        0.01768 *   
--- 
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
 
Correlation of Fixed Effects: 
            (Intr) sttsm: sttsrv: sttsrp: tm_prtctd_m 
sttsmplmnt: -0.040                                    
sttsrvsn:cn -0.027  0.082                             
sttsrpnd:cn -0.044  0.183  0.048                      
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tm_prtctd_m  0.000 -0.813  0.000   0.000              
tm_prtctd_r  0.000  0.000 -0.838   0.000   0.000 
 
Hypothesis 2: Fisher Participation 
Linear mixed model fit by REML. t-tests use Satterthwaite's method [ 
lmerModLmerTest] 
Formula: percent_delta ~ status + time_protected_implementation + (1 |   
    primary) + (1 | comparison) 
   Data: h2_deltas 
 
REML criterion at convergence: 17931.5 
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Scaled residuals:  
    Min      1Q  Median      3Q     Max  
-4.8252 -0.5050 -0.0132  0.5082  4.9711  
 
Random effects: 
 Groups     Name        Variance Std.Dev. 
 comparison (Intercept)  8114     90.08   
 primary    (Intercept) 10625    103.08   
 Residual                2987     54.66   
Number of obs: 1629, groups:  comparison, 41; primary, 39 
 
Fixed effects: 
                               Estimate Std. Error        df t value 
(Intercept)                     21.1595    22.0064   60.5866   0.962 
statusimplementation:control   -28.3167     5.8484 1561.4882  -4.842 
statusrevision:control         -23.5155     4.2037 1566.7013  -5.594 
statusreopened:control          -1.6043     5.3711 1571.1777  -0.299 
time_protected_implementation    2.3538     0.9515 1560.5579   2.474 
                              Pr(>|t|)     
(Intercept)                     0.3401     
statusimplementation:control  1.41e-06 *** 
statusrevision:control        2.62e-08 *** 
statusreopened:control          0.7652     
time_protected_implementation   0.0135 *   
--- 
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Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
 
Correlation of Fixed Effects: 
            (Intr) sttsm: sttsrv: sttsrp: 
sttsmplmnt: -0.036                        
sttsrvsn:cn -0.043  0.150                 
sttsrpnd:cn -0.039  0.183  0.087          
tm_prtctd_m  0.000 -0.813  0.000   0.000 
 
Hypothesis 3: Allocation of Individual Effort 




percent_delta ~ status + time_protected_implementation + time_protected_revis
ion +   
    (1 | primary) + (1 | comparison) 
   Data: h3_deltas_mean 
 
REML criterion at convergence: 12410.6 
 
Scaled residuals:  
    Min      1Q  Median      3Q     Max  
-4.0153 -0.5129  0.0260  0.5638  4.6961  
 
Random effects: 
 Groups     Name        Variance Std.Dev. 
 comparison (Intercept)  503     22.43    
 primary    (Intercept) 1023     31.98    
 Residual               5371     73.29    
Number of obs: 1081, groups:  comparison, 41; primary, 39 
 
Fixed effects: 
                              Estimate Std. Error       df t value 
(Intercept)                     -1.624      7.310   50.639  -0.222 
statusimplementation:control   -15.525      9.491 1038.486  -1.636 
statusrevision:control         -15.929     13.503 1036.073  -1.180 
statusreopened:control          12.351      8.845 1071.693   1.396 
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time_protected_implementation    3.324      1.639 1024.211   2.027 
time_protected_revision          5.604      2.262 1023.068   2.477 
                              Pr(>|t|)   
(Intercept)                     0.8251   
statusimplementation:control    0.1022   
statusrevision:control          0.2384   
statusreopened:control          0.1629   
time_protected_implementation   0.0429 * 
time_protected_revision         0.0134 * 
--- 
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
 
Correlation of Fixed Effects: 
            (Intr) sttsm: sttsrv: sttsrp: tm_prtctd_m 
sttsmplmnt: -0.165                                    
sttsrvsn:cn -0.096  0.072                             
sttsrpnd:cn -0.181  0.176  0.052                      
tm_prtctd_m  0.004 -0.794  0.011  -0.010              
tm_prtctd_r -0.004  0.001 -0.863  -0.001  -0.005 
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Hypothesis 4: Harvested Biomass 
Linear mixed model fit by REML. t-tests use Satterthwaite's method [ 
lmerModLmerTest] 
Formula: percent_delta ~ status + (1 | primary) + (1 | comparison) 
   Data: h4_deltas 
 
REML criterion at convergence: 19851.4 
 
Scaled residuals:  
    Min      1Q  Median      3Q     Max  




 Groups     Name        Variance Std.Dev. 
 comparison (Intercept)  1649     40.61   
 primary    (Intercept)  1767     42.03   
 Residual               10814    103.99   
Number of obs: 1629, groups:  comparison, 41; primary, 39 
 
Fixed effects: 
                             Estimate Std. Error       df t value Pr(>|t|) 
(Intercept)                     8.100     10.279   59.194   0.788 0.433817 
statusimplementation:control  -21.559      6.427 1595.703  -3.354 0.000814 
statusrevision:control        -46.253      7.907 1611.422  -5.850 5.94e-09 
statusreopened:control        -29.052      9.999 1615.663  -2.906 0.003716 
                                 
(Intercept)                      
statusimplementation:control *** 
statusrevision:control       *** 
statusreopened:control       **  
--- 
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
 
Correlation of Fixed Effects: 
            (Intr) sttsm: sttsrv: 
sttsmplmnt: -0.249                
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sttsrvsn:cn -0.181  0.269         
sttsrpnd:cn -0.161  0.310  0.110 
 
Hypothesis 5: Average Landings per Trip 
(Mean of the Annual Median Pounds Per Trip per Fisher) 
Linear mixed model fit by REML. t-tests use Satterthwaite's method [ 
lmerModLmerTest] 
Formula: percent_delta ~ status + (1 | primary) + (1 | comparison) 
   Data: h6_deltas_mean 
 
REML criterion at convergence: 12605.4 
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Scaled residuals:  
    Min      1Q  Median      3Q     Max  
-5.4117 -0.3912 -0.0088  0.4119  7.8638  
 
Random effects: 
 Groups     Name        Variance Std.Dev. 
 comparison (Intercept) 1305     36.12    
 primary    (Intercept)  605     24.60    
 Residual               6370     79.81    
Number of obs: 1081, groups:  comparison, 41; primary, 39 
 
Fixed effects: 
                             Estimate Std. Error       df t value Pr(>|t|) 
(Intercept)                    -1.846      8.068   42.284  -0.229  0.82012 
statusimplementation:control  -15.120      6.275 1063.724  -2.409  0.01615 
statusrevision:control        -23.696      7.408 1060.448  -3.199  0.00142 
statusreopened:control        -27.094      9.598 1051.367  -2.823  0.00485 
                                
(Intercept)                     
statusimplementation:control *  
statusrevision:control       ** 
statusreopened:control       ** 
--- 
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
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Correlation of Fixed Effects: 
            (Intr) sttsm: sttsrv: 
sttsmplmnt: -0.264                
sttsrvsn:cn -0.195  0.252         
sttsrpnd:cn -0.178  0.273  0.112 
 
 
Appendix 5.1. JAGS code for Bayesian hierarchical growth model.  
Model 1 incorporates both L∞ and K individual variability; Model 2 incorporates L∞ individual 
variability; Model 3 incorporates K individual variability; and Model 4 incorporates no 
individual variability. Methodology from Zhang et al. (2009).  
 187 
 
# Model 1 
model{              
 for (i in 1:387)  { 
  for (j in 2:n[i]) { 
   L[i, j] ~ dnorm(L_Exp[i, j], tau)  
   L_Exp[i, j] <- Linf[i] *(1.0 - exp(-k[i]*(A[i]+t[i, j -1]))) 
   L.pred[i, j] ~ dnorm(L_Exp[i, j], tau) 
   p.value[i, j] <- step(L.pred[i, j] - L[i, j]) 
  } 
  L[i, 1] ~ dnorm(L_Exp[i, 1], tau) 
  L_Exp[i, 1] <-  Linf[i] *(1.0 - exp(-k[i]*A[i]))  
  L.pred[i, 1] ~ dnorm(L_Exp[i, 1], tau) 
  p.value[i, 1] <- step(L.pred[i, 1]- L[i, 1]) 
  Linf[i] ~ dnorm(Linf_mu, Linf_tau)   
  k[i] ~ dnorm(k_mu, k_tau) I(0,1) 
  A[i] ~ dgamma(shape, rate) 
 } 
 Linf_std <- sqrt(1/Linf_tau) 
 k_std <- sqrt(1/k_tau) 
 var <- 1/tau 
 Linf_mu ~ dnorm(100, 0.0001) 
 Linf_tau ~ dgamma(0.001, 0.0001) 
 shape ~ dunif(0, 100) 
 rate ~ dunif(0, 100) 
 k_mu ~ dbeta(1, 1) 
 k_tau ~ dgamma(0.001, 0.0001) 




# Model 2 
model{              
 for (i in 1: 387)  { 
  for (j in 2:n[i]) { 
   L[i, j] ~ dnorm(L_Exp[i, j], tau)  
   L_Exp[i, j] <- Linf[i] *(1.0 - exp(-k*(A[i]+t[i, j -1]))) 
   L.pred[i, j] ~ dnorm(L_Exp[i, j], tau) 
   p.value[i, j] <- step(L.pred[i, j] - L[i, j]) 
  } 
  L[i, 1] ~ dnorm(L_Exp[i, 1], tau) 
  L_Exp[i, 1] <-  Linf[i] *(1.0 - exp(-k*A[i])) 
  L.pred[i, 1] ~ dnorm(L_Exp[i, 1], tau) 
  p.value[i, 1] <- step(L.pred[i, 1]- L[i, 1]) 
  Linf[i] ~ dnorm(Linf_mu, Linf_tau)   
  A[i] ~ dgamma(shape, rate) 
 } 
  
 Linf_std <- sqrt(1/Linf_tau) 
 k_std <- sqrt(1/k_tau) 
 var <- 1/tau 
 k ~ dnorm(k_mu, k_tau) I(0,1) 
 Linf_mu ~ dnorm(100, 0.0001) 
 Linf_tau ~ dgamma(0.001, 0.0001) 
 shape ~ dunif(0, 100) 
 rate ~ dunif(0, 100) 
 k_mu ~ dbeta(1, 1) 
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 k_tau ~ dgamma(0.001, 0.0001) 
 tau ~ dgamma(0.001, 0.0001) 
} 
 
# Model 3 
model{              
 for (i in 1: 387)  { 
  for (j in 2:n[i]) { 
   L[i, j] ~ dnorm(L_Exp[i, j], tau)  
   L_Exp[i, j] <- Linf*(1.0 - exp(-k[i]*(A[i]+t[i, j -1]))) 
   L.pred[i, j] ~ dnorm(L_Exp[i, j], tau) 
   p.value[i, j] <- step(L.pred[i, j] - L[i, j]) 
  } 
  L[i, 1] ~ dnorm(L_Exp[i, 1], tau) 
  L_Exp[i, 1] <-  Linf *(1.0 - exp(-k[i]*A[i])) 
  L.pred[i, 1] ~ dnorm(L_Exp[i, 1], tau) 
  p.value[i, 1] <- step(L.pred[i, 1]- L[i, 1]) 
  k[i] ~ dnorm(k_mu, k_tau) I(0,1)   
  A[i] ~ dgamma(shape, rate) 
 } 
 Linf_std <- sqrt(1/Linf_tau) 
 k_std <- sqrt(1/k_tau) 
 var <- 1/tau 
 Linf ~ dnorm(Linf_mu, Linf_tau) 
 Linf_mu ~ dnorm(100, 0.0001) 
 Linf_tau ~ dgamma(0.001, 0.0001) 
 shape ~ dunif(0, 100) 
 rate ~ dunif(0, 100) 
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 k_mu ~ dbeta(1, 1) 
 k_tau ~ dgamma(0.001, 0.0001) 
 tau ~ dgamma(0.001, 0.0001) 
} 
 
# Model 4 
model{              
 for (i in 1: 387)  { 
  for (j in 2:n[i]) { 
   L[i, j] ~ dnorm(L_Exp[i, j], tau)  
   L_Exp[i, j] <- Linf*(1.0 - exp(-k*(A[i]+t[i, j -1]))) 
   L.pred[i, j] ~ dnorm(L_Exp[i, j], tau) 
   p.value[i, j] <- step(L.pred[i, j] - L[i, j]) 
  } 
  L[i, 1] ~ dnorm(L_Exp[i, 1], tau) 
  L_Exp[i, 1] <-  Linf *(1.0 - exp(-k*A[i]))  
  L.pred[i, 1] ~ dnorm(L_Exp[i, 1], tau) 
  p.value[i, 1] <- step(L.pred[i, 1]- L[i, 1]) 
  A[i] ~ dgamma(shape, rate) 
 } 
 Linf_std <- sqrt(1/Linf_tau) 
 k_std <- sqrt(1/k_tau) 
 var <- 1/tau 
 k ~ dnorm(k_mu, k_tau) I(0,1) 
 Linf ~ dnorm(Linf_mu, Linf_tau) 
 Linf_mu ~ dnorm(100, 0.0001) 
 Linf_tau ~ dgamma(0.001, 0.0001) 
 shape ~ dunif(0, 100) 
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 rate ~ dunif(0, 100) 
 k_mu ~ dbeta(1, 1) 
 k_tau ~ dgamma(0.001, 0.0001) 
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